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Currently, China is in the period of social transformation. Such transformation continuously results in high group polarization
behaviors, which attracts many attentions. In order to explore the evolutionary mechanism and formation process of group
polarization behavior, this paper proposes a group polarization model which is integrated into the Susceptible-Infected-Re-
covered-Susceptible (SIRS) epidemic model. In this paper, firstly, the SIRS epidemic model and the factors of relationship strength
are introduced based on the J-Amodel (proposed by Jager and Amblard) to enhance the information transmission and interaction
among individuals. In addition, the BA network (proposed by Barabasi and Albert) model is used as the agent adjacency model
due to its closeness to the real social network structure. After that, the Monte Carlo method is applied to conduct experimental
simulation. Subsequently, this paper analyzes the simulation results in threefold: (1) comparison of polarization processes with
and without integration of the SIRS epidemic model; (2) adjusting the immune recovery parameter c and the relationship strength
z to explore the role of these two parameters in the polarization process; and (3) comparing the polarization effects of different
network structures. )rough the experiments, we find that BA network is more polarized than small-world network in the same
scale. Finally, corresponding measures are proposed to prevent and mitigate the occurrence of group polarization.

1. Introduction

Currently, China is in the period of social transformation.
Social mass events take place frequently. )e consequent
extreme behaviors often cause significant harm and loss to
the society and people. Jianrong Yu, the director of the
Research Center for social problems of Rural Develop-
ment Institute of Chinese Academy of Social Sciences,
made a speech at the Beijing Lawyers Association that,
from 1993 through 2006, the number of China’s mass
events was increased from 8,709 to 90,000. While from
2007 through 2009, it was more than 90,000. After 2010, it
has surged to more than 100,000 per year [1]. Usually,
mass events refer to the temporary coupling groups

caused by some social contradictions, which are formed
by the aggregation of specific groups or unspecified
majority people. )ey express their requests and opinions
or vent their dissatisfaction and create influence by means
of group behaviors. With the development of the Internet,
the characteristics of high interactivity and low cost of the
Internet make more mass events grow on the Internet.
Mass events are not just limited in China but occur all over
the world. In the famous “Killing of George Floyd” [2] on
May 25, 2020, in Minneapolis, USA, when a white police
officer Derek Chauvin was arresting a 46-year-old African
American man George Floyd for his using a $20 coun-
terfeit bill, he knelt on Floyd’s neck for eight minutes and
46 seconds while Floyd was handcuffed and lying face
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down. Floyd was begging for his life and repeatedly saying
“I cannot breathe”. However, the officer disregarded
Floyd’s implore, and finally Floyd was killed. )e fol-
lowing days, after videos made by witnesses and security
cameras became public, people in Minneapolis began
their protests. Soon after, protests turned into parades and
the demonstrations led to violence in at least 30 cities
across the United States in the aftermath [3]. In June, the
impact was escalated to a nationwide movement “Black
Lives Matter”. It may be the largest movement in U.S.
history [4]. )is event has aroused wide attention and
discussion of a large number of netizens. Someone said
that Floyd should not die because he did not straightly
threaten the officer’s life, and he was just using a coun-
terfeit $20 bill then. )e opposite opinion stated that
Floyd did not follow the officers’ commands and he had a
criminal past and previous convictions including a violent
criminal history. )erefore, it is legal for the officer to
knee Floyd and the officer should not be responsible for
his death. With the further propagation of the news,
netizens’ attitudes towards the event have gradually
deepened. Two or more opposite remarks in Twitter and
Facebook have appeared, meaning that bipolarization or
multidimensional polarization phenomenon has formed.
)e confrontation between these two views is intensified
and even leads to the group behavior in reality.

In fact, public opinion polarization has positive effects.
For example, it can promote people’s thinking and dis-
cussion on social issues. However, due to the influence of
different interest groups, the information obtained by In-
ternet users is often inflammatory and one-sided. )e po-
larization of public opinion may lead to the formation of
irrational and violent public emotions and uncontrollable
behavior and encourage social prejudice and social division,
endangering the social and political stability and even
detonating the negative consequences of ethnic warfare.
)us, the negative role of public opinion polarization needs
more attention.

)is paper integrates the SIRS epidemic model [5] into
the Jager and Amblard model (the J-A model) [6] and
proposes an expanded group polarization model integrating
the SIRS epidemic model. )rough simulation experiments,
individuals who participate in group behavior are defined as
agent, then the individual types, individual behaviors, group
size, group emergence, and so on are also included into the
category of network public opinion evolution. Subsequently,
the formation and evolution processes of network public
opinion are simulated so as to reveal the internal mechanism
of opinion polarization and explore the main influence
factors of opinion polarization.

)e structure of this paper is organized as follows: Section 2
is the literature review in which the shortcomings of the
existing research are discussed. In addition, the contributions
of this study are also proposed. Section 3 proposes an opinion
polarization model with SIRS epidemic model. Section 4
compares the polarization processwith andwithout integration
of SIRS epidemicmodel. Section 5 is the analysis and discussion
of simulation results. Finally, section 6 concludes the paper and
proposes future research directions.

2. Literature Review

According to the analysis of the existing literature, this
section discusses the relevant literatures mainly from the
following two aspects: information transmission and public
opinion polarization.

In terms of the information transmission, the use of
infectious disease dynamics to study network public opinion
communication has been relatively mature. For example,
Kyrychko and Blyuss [7] derived and studied a time-delayed
Susceptible-Infected-Recovered (SIR) model with a general
incidence rate. )e time delay represented a temporary
immunity period, i.e., time from recovery to becoming
susceptible again. In the study, both trivial and endemic
equilibria were found, and their stability was also investi-
gated. Furthermore, by establishing the Infected-Suscepti-
ble-Infected-Susceptible-Recovered (I2S2R) model,
Tanimoto [8] introduced evolutionary game theory into
epidemiology and regarded vaccination as a game in
complex social networks. Zhang and Zhu [9] studied two
rumor propagation dynamics with secondary relations and
concluded that the propagation intensity of secondary ru-
mors depended on the propagation intensity of initial ru-
mors. Huo and Song [10] studied the interaction between
rumors and scientific information and found that rumors
and scientific information coexisted under certain trans-
mission probability. Wu and Gergely [11] proposed a new
Susceptible-Exposed-Infected-Resistant (SEIR) model, in
which infection time depended on the distribution of in-
fection age and had infinite delay. Unlike the research
mentioned above, Chen et al. [12] explored the network
topology of group event propagation and used artificial
immune algorithm to get the network structure character-
istics of promoting or inhibiting group synchronous be-
havior propagation. Boccara and Cheong [13] studied the
SIR model of automation network for infectious disease
transmission. It was shown that the occurrence of the ep-
idemic in one population might be triggered by the oc-
currence of the epidemic in the other population. )e
emphasis was on the influence of the degree of mixing of the
individuals which followed from their diffusive motion. In
particular, the asymptotic behaviors for very small and very
large mixing were determined. However, few scholars have
combined the infectious disease model with the process of
public opinion polarization. Especially, the state of infected
individuals is taken as an intermediate variable to measure
whether the individual’s attitude changes. Kabir et al. [14]
believed that information awareness about contagious dis-
eases had an influential effect on an individual’s decision to
suppress the diffusion of infections and thus proposed a
dynamic system of Susceptible-Infected-Recovered (SIR)
with Unaware-Aware (UA) process (SIR-UA). Individuals in
this system could be classified into six states as unaware
susceptible (SU), aware susceptible (SA), unaware infected
(IU), aware infected (IA), unaware recovered (RU), and
aware recovered (RA). Furthermore, Kabir et al. [15] con-
structed a two-layer SIR-UA epidemic model with infor-
mation transmission and disease transmission and analyzed
the impact of different heterogeneous networks on the
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population. In addition, Kabir et al. [16–18] also combined
SIR-UA epidemic model with the immune game and con-
sidered the impact of different strategy updating rules on the
final spread of infectious diseases. Different from these re-
search, our study combines the SIRS epidemic model with
the attitude evolution polarization model and regards the
SIRS evolutionary process as follows: (1) from the individual
(S) affected by external factors, then the attitude values
change (I), to interact with the outside world to achieve a
short balance (R); (2) when the external information changes
again (S), it will intervene in the individual’s attitude and
view, urging the individual to continue to adjust the attitude
(I) and then maintain a relative balanced (R) and recurring
process with the outside world. Obviously, in the attitude
evolution of each individual, the relative balance of attitude
values is achieved in countless interactions with the outside
world.

For the research of public opinion polarization, many
scholars have made contributions to the study of group
polarization behavior so far [19]. )eir studies are mainly
divided into two categories: (1) from the phenomenon itself,
the qualitative analysis of the polarization behavior, the
reasons for the polarization phenomenon, and the corre-
sponding preventive measures are proposed at the macro-
level. (2) From the perspective of system dynamics, the
quantitative analysis of polarization phenomena is studied.
Some common models include D-W model [20, 21], J-A
model [22, 23], and q-voter model [24, 25]. )e typical
literatures are as follows. Flache et al. [26] proposed that a
new generation of empirically based computational social
influence models could make unique contributions for
understanding key societal challenges, like the possible ef-
fects of social media on societal polarization. Li and Xiao
[27] used the tunable BA network model closer to the real
social network structure as the agent adjacency model and
extended the individual’s attitude value from one-dimen-
sional to multidimensional based on the J-A classic model to
establish multiple evaluation index systems. Bramson et al.
[28] made quantitative analysis on the definition and
measurement standard of polarization and put forward nine
independent methods such as diffusion, dispersion, re-
gionalization, and coverage to capture the polarization
characteristics of distribution, providing a complete meth-
odology for comparing the polarization degree across time
and content. After that, they [29] further proposed that these
nine phenomena might be regarded as polarization and then
evaluated the polarization differences among the three types
of models. )eir research showed that the polarization
degree in the cultural diffusion model of Axelrod family was
positively correlated with the community disruption, while
the polarization degree in the bounded confidence and
relative consistency model was positively correlated with the
community disruption and negatively correlated with the
community disruption. In the structural equilibrium model
of hierarchical trust transfer, the degree of polarization was
related to community disruption, divergence, and group
consensus, so there was no available calculation model to
capture all nine polarization types. Wang et al. [30] used the

limited trust model to develop a group-buying dynamic
opinion model of the new technological product from group
perspective in a multiagent complex system and explore the
practical application of promoting the new technological
product. Chen et al. [31] established the polarization model
of public opinion considering the individual heterogeneity
and dynamic integration and took the typical “Mimeng
event” as an example to verify the rationality and effec-
tiveness of their model. Sı̂rbu et al. [32] introduced a new
model of opinion formation, which focused on the interplay
between the possibility of explicit disagreement and mod-
ulated in a self-consistent way by the existing opinions’
overlaps between the interacting individuals and the effect of
external information on the system.)ey found that extreme
information results in segregation and had a limited effect on
the population, while milder messages have better success
and a cohesion effect. Zhang et al. [33] integrated the in-
fluence factors such as conformity and network relationship
strength into the polarization model, and the simulation
results indicated that different information interaction
modes had essential influence on group attitude polariza-
tion. However, in their study, the information propagation
process of the polarization phenomenon was not considered.
In addition, some scholars have studied polarization through
social voting cases. For example, Stella et al. [34] analyzed
large-scale social data collected during the Catalan refer-
endum for independence on October 1, 2017, and identified
the two polarized groups of independentists and constitu-
tionalists and quantified the structural and emotional roles
played by social bots. )ey found that bots act exacerbated
social conflict online. In order to distinguish between users
of opposing political alignments, Conover et al. [35] de-
scribed several methods for predicting the political align-
ment of Twitter users based on the content and structure of
their political communication in the run-up to the 2010 U.S.
midterm elections. )ey introduced a support vector ma-
chine (SVM) trained on hash tag metadata and latent se-
mantic analysis. Baumann et al. [36] proposed a model that
introduced the dynamics of radicalization as a reinforcing
mechanism driving the evolution to extreme opinions from
moderate initial conditions and shed light on the mecha-
nisms that might lie at the core of the emergence of echo
chambers and polarization in social media. )ey found that
the transition between a global consensus and emerging
radicalized states was mostly governed by social influence
and by the controversialness of the topic discussed. All these
studies have better revealed the internal mechanism of
polarization but more focused on the study of polarization,
while ignoring the diffusion of information in the process of
population polarization. Unlike these ones, this paper
combines the current scenes of extreme publicity and high
incidence in China and enhances the heterogeneity of in-
dividuals and the strength connection between heteroge-
neous individuals in multiagent simulation, in order to
achieve the model closer to reality.

)e above literature analysis shows that the current
academic research on group polarization behavior has a
certain depth, covering the fields of information science,
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computer science, and sociology. However, the above-
mentioned problems still exist. According to the research
outcomes of the peer scholars, our study constructs the
polarization model integrated with SIRS through com-
bining the interaction among individuals and information
dissemination in combination with the SIRS model. Also,
as a statistical simulation method, the Monte Carlo
method is suitable for the simulation experiment of dis-
crete system and can be widely used to simulate the
stochastic characteristics of the system [37, 38]. Mean-
while, the group polarization process is a typical discrete
process and we also take the network nodes (netizens) as
agents. As a result, the multiagent Monte Carlo method is
used to perform simulations under the social computing
framework. In addition, the BA network is adopted to
describe the interaction relations of netizens’ attitudes due
to its closer to the real social network structure. In doing
so, this model describes the physical connection among
individuals and integrates the information transmission in
the polarization process, making the constructed model
possibly closer to reality.

3. Model Construction

)is section is focused on the modeling process of public
opinion polarization in group behavior. Firstly, the classical
polarization models named D-W and J-A models are de-
scribed, and their principles are also explained. Secondly, the
SIRS epidemic model is introduced, and the roles in the SIRS
epidemic model are transferred to the information diffusion
scene. Finally, the extended polarization model combined
with the SIRS epidemic one is proposed. Also, the rela-
tionship strength and other factors affecting public opinion
polarization are also incorporated.

3.1. Classic D-W and J-AModels. )e most classic models in
the polarization model are the D-W and the J-A ones, while
the J-A model better optimizes the D-W one, since it not
only considers the assimilation effect in the social judgment
theory but also considers the situations of repulsion and
neutrality, Additionally, the J-A model is more appropriate
with the polarization in reality and has a more scientific and
practical meaning for the interpretation of the polarization
process. It is specifically defined as follows:

(1) Assimilation rules:
If the attitude distance between the two randomly
selected nodes a and b is within d1, that is,

xa − yb


< d1, (1)

then, the attitude values of the two nodes a and b
change accordingly, and the updated formula is
expressed as follows:

Xa
′ � xa + μ xb − xa( ,

Xb
′ � xb + μ xa − xb( ,

(2)

where μ is the influence parameter (μ∈(0,0.5]).

(2) Repulsion rules:
If the attitude distance between two randomly se-
lected nodes a and b exceeds d2, that is

xa − yb


>d2, (3)

then, the attitude values of the two nodes a and b
change accordingly, and the updated formula is as
follows:

Xa
′ � ξ Xa − μ Xb − Xa( ( ,

Xb
′ � ξ Xb − μ Xa − Xb( ( ,

(4)

where ξ has a following definition:

ξ(x) �

x, 0≤ x≤ 1,

0, x< 0,

1, x> 1.

⎧⎪⎪⎪⎨

⎪⎪⎪⎩

(5)

(3) Neutral rules:
In other cases, the attitude values of the two nodes a
and b do not change.

3.2. SIRS Epidemic Model

3.2.1. Model Hypothesis

(1) Combined with the significance of epidemic model
and polarization model, this paper considers that
the polarization of network and the diffusion of
information are synchronous. In each information
diffusion process, individuals will change their
original attitude value because they accept the
information transmitted by the surrounding in-
dividuals. Based on this, this paper uses the
transformation of individual state in the infectious
disease model to qualitatively determine the in-
dividual whose attitude changes after each infor-
mation transmission. For example, if the
individual state changes from S to I, it means that
the individual is infected and the attitude value will
change accordingly. )e polarization model fur-
ther simulates the change of attitude value of in-
fected individuals from the perspective of
numerical dimension.

(2) Divide all individuals (N) in the network into three
categories, including individuals who are not affected
by the environment of the public opinion, that is,
healthy people (S); individuals who are being in-
fected with the public opinion and choose to change
attitudes and disseminate information, that is, the
infected people (I); individuals who are immune and
stop spreading information to the outside after re-
ceiving the information several times, that is, the
immunized people (R).

(3) When a certain mass event occurs, the individual’s
attitude towards the event will be shaken by the
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initial uninformed (S) to the influence of the sur-
rounding infected individual, becoming a public
opinion disseminator (I). )e healthy one will be-
come infected with the infection rate α, and the
infected individuals will change their attitude values,
mainly including exclusion, assimilation, and neutral
effect. However, the infected people will be immune
after receiving the information several times, fo-
cusing on a new event or forgetting old one. )ey
stop spreading information to the outside.)erefore,
the infected people become the immunized people
with the probability β. Also, some immunized in-
dividuals will be transformed into susceptible indi-
viduals (S) with the probability c after being
stimulated by new and powerful evidence infor-
mation. It is possible for individuals to spread their
ideas and make them susceptible again when new
and powerful evidence information occurs. For ex-
ample, Equifax Inc., one of the three largest con-
sumer credit companies in the world, was involved in
a scandal in 2017. In summer 2017, some news and
media reported that part of consumers’ credit in-
formation was breached by attacks. After this inci-
dent, people doubted the truth of the matter in a
short time because Equifax was a reliable large size
enterprise. )ey wondered whether the news was
believable. Later, further report on news and media
showed that cybercriminals accessed approximately
145.5 million U.S. Equifax consumers’ personal data,
including their full names, social security numbers,
birth dates, addresses, and driver license numbers.
People began to believe in the news and spread it
[39, 40]. We can see from this event, in the process of
the development of the network mass event, the
information disclosure will promote the roles of
participants to constantly change.

(4) )e proportions of the healthy people, infected
people, and immunized people at time t are s(t), i(t),
and r(t), respectively. Obviously, s(t)+ i(t)+ r(t)� 1;
suppose s(t), i(t), and r(t) are continuous, differen-
tiable functions for an event T and the initial pro-
portions of healthy, infected, and immunized ones
are recorded as s0, i0, and r0, respectively.

3.2.2. Establishment of the SIRS Model. According to the
above hypothesis, the corresponding SIRSmodel is established,
and the obtained differential equation is shown as follows:

dS(t)

dt
� cn(R) − αn(S),

dI(t)

dt
� αn(S) − βn(I),

dR(t)

dt
� βn(I) − cn(R),

N � n(S) + n(I) + n(R),

⎧⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

(6)

where n(S), n(I), and n(R) represent the number of healthy
individuals, infected individuals, and immune individuals,
respectively.

3.3. Extended Attitude Polarization Model. )e J-A model
considers the interaction of individuals and lacks the con-
sideration of information transmission. )us, this study
incorporates the idea of the J-A model into the “susceptible-
infected” transmission stage of the SIRS epidemic model and
reflects the information dissemination and diffusion process
of public opinion polarization in group behavior based on
the epidemic principle of infectious diseases. Subsequently,
some measures are introduced to extend the original J-A
model to make up its shortcomings. For example, different
levels of relationship strength among nodes are used to
describe the distinctions of intimacy relationships among
real individuals. In addition, according to the characteristics
of network public opinion, each node can obtain the attitude
of the ones connected with it, so it is necessary to change the
random pairwise interaction mode between individuals in
the original model to the one-to-many interaction one
among the connected individuals, so as to possibly reduce
information asymmetry, making the individual choose one
side with the support of sufficient information. Finally, we
carry out experiments to simulate the evolution process of
network nodes and get opinion emergence results by con-
structing the J-A model integrated into SIR model.

)e variables and parameters involved in the model are
defined as shown in Tables 1 and 2.

According to the above analysis, the specific process to
build this model is demonstrated as shown in Figure 1.

(1) Use the SIRS model and formula (6) to simulate the
information dissemination among individuals.

(2) Based on SIRS model, we clearly find the change of
individual infection state. In this paper, SIRS model
is used to determine the individuals whose attitude
values have changed from state S to I. We select the
individuals whose statuses are healthy (S) at time t,
but at time t+1, the statuses are infected (I), that is,
the individuals converted from S to I. In this model,
these individuals have changed their attitudes during
the information dissemination.

(3) )e change from state I to state R and from state R to
state S does not involve the further infection of the
individual, and it will not produce the change of
attitude value. )erefore, the most important part of
the combination of polarization model and SIRS
model is that individuals have health status and
become infected. In this process, the infected indi-
vidual is equivalent to receiving the information
transmission from the surrounding individuals, and
the attitude changes.

(4) After the individuals of attitude change are deter-
mined by SIRS epidemic model, this paper uses
polarization model to calculate the variable of atti-
tude quantitatively. Evolutionary rules of the indi-
vidual’s attitude value are expressed as follows.
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(1) Assimilation rules:
When the difference between the viewpoint held
by the individual i and the comprehensive
viewpoint with the surrounding individuals is
less than d1, the attitude value of the individual i
is updated to

X
I
i (t + 1) � X

S
i (t) + θ X

I
1(t)

·

− X
s
i (t) ,

when X
I
i (t)

·

− X
S
i (t)




 <d1,

(7)

where XI
i (t)
·

is expressed as formula (8), θ
represents the assimilation degree of attitude
change, and the range is (0, 1):

X
I
i (t)

·

�


n
j�1 zijX

I
J(t)


n
j�1 zij

. (8)

(2) Repulsion rules:
When the difference between the viewpoint held
by the individual i and the comprehensive
viewpoint with the surrounding individuals is
greater than d2, the attitude value of the indi-
vidual i is updated to

X
I
i (t) � X

S
i (t) − ϑ X

I
1(t)

·

− X
S
i (t) ,

when X
I
1(t)

·

− X
s
i (t)




 >d2.

(9)

(3) Neutral rules:
In other cases, the individual i does not change its
attitude value.
Moreover, the social judgment theory in the
J-A model is also adopted as well as the as-
similation and the repulsion effects. )e above
model is integrated into the SIRS epidemic
model to better simulate the information
transmission process of public opinion po-
larization in group behavior. At the same time,
the model changes the pairwise interaction
between individuals into one-to-many inter-
action, so that the information collection is
relatively comprehensive.

)e public opinion polarization model in group
behavior proposed in this paper is shown in
Figure 2, and the specific process is described as
follows:
Step 1: according to different proportions, the
individuals in the BA network are divided into
healthy group (S), infected group (I), and im-
munized group (R).
Step 2: a certain individual X is selected ran-
domly, based on the role (S, I, or R) of the
surrounding individuals, the number of different
roles, the infection rate α, the immunization rate
β, and the recovery rate c to comprehensively
determine whether the individual X changes his
role and traverses all the individuals.
Step 3: according to the infectious disease
model, we find out the individuals who have
changed from healthy state to infected state
and then determine the individuals who are
infected. )en, when applied to the attitude
polarization model, we confirm that these in-
dividuals have changed their opinions by the
information transmitted by the surrounding
individuals, that is, the individuals whose state
has changed will change their attitude values
because of the influence of the external in-
formation. As for the uninfected individuals,
they are not interested in the information
around them and are not willing to interact
with each other.
Step 4: the infected individuals identified in Step
3 are substituted into the attitude polarization
model to calculate the change of attitude value.
Step 5: the above steps (2)–(4) are repeated for
several times. Figure 3 presents the pseudocode
of the simulation process and Figure 4 is the
pseudocode of the SIRS model.

4. Experimental Simulation

In order to better reveal the process of mass event polari-
zation intuitively, this study investigates different individ-
uals’ evolutionary attitude process in the group through
simulation experiments. Firstly, according to the above
model, the extended BA network which introduces ac-
quaintance recommendation mechanism is selected to
simulate public opinion polarization. )e reason is that the
nodes of the social network follow the power-law distri-
bution and they have the feature that a very small number of
individuals with a large audience and higher clustering
coefficient. )erefore, the extended BA network is used to

Table 1: Description of dynamic variables.

Xi
I(t+ 1) )e attitude value of tde individual i at time t + 1 when it is in infection status I

Xi
S(t) )e attitude value of the individual i at time t when it is in health status S

Xi
I(t) Individual comprehensive attitude value in infection status linked to individual i at time t

Xj
I(t) )e attitude value of the individual j at time t when it is in infection status I

XI
i (t)
·

Indicates the average attitude value of surrounding individuals

Table 2: Parameter description.
zij Indicates tde network relationship strengtd
θ Indicates assimilation parameter
ϑ Indicates repulsion parameter
d1 Indicates assimilation boundary value
d2 Indicates repulsion boundary value
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reflect the real social network. )e network structure and
corresponding data are shown in Figure 5 and Table 3.
)rough several simulation experiments, we find that the
300-node simulation network effectively simulates the in-
formation diffusion and polarization process, and the ex-
perimental process is more efficient. )erefore, the size of
the network is set to 300. d1 and d2 represent the boundary
values of assimilation and exclusion, respectively. In order to
simulate the polarization process of group events with
significant impact, we set smaller assimilation domain
(d1 � 0.3) and larger exclusion domain (d2 �1.1) to reflect the
intensified contradiction. After 400 interactions, the attitude
changes along the surrounding environment, some of in-
dividuals still maintain the original attitudes, while some are
polarized, and the rest adjust their attitudes to strike a
balance with the surrounding environment. )e evolution
results of the infected individual proportion and individual

attitude values in the SIRS model with the interaction time is
shown in Figures 6 and 7:

)e average shortest path length lG is

lG �
1

n(n − 1)
· 

i,j

d vi, vj , (10)

where G represents the BA network and n is the number of
vertices in G.

)e clustering coefficient CG is

CG � 2∗
1
n
∗ 

n

i�1
ki ∗ ki − 1( ( . (11)

)e mean of degree DG is

DG �
1
n



n

i�1
ki, (12)

S I R

In the BA network, an
individual Agent X is

randomly selected: the state at
time t is S, and the state at

time t + 1 is I

Search for the individuals
connected with Agent X and

whose state is I at time t

Are there any individuals
that satisfy the conditions?

Whether the termination
condition is met?

Starts the next
iteration

End of the evolution

No

It calculates that attitude value of the
individual at the next time by combining
the value of the attitude of the individual,

the relationship of the network, etc.
yes

Agent X

Yes

no

α

γ

β

Figure 2: Public opinion polarization model in group behavior.

Healthy individuals 
whose state is S

Is it affected by the 
information spread by 

individuals around?

Infected individuals 
whose state is I

Yes

No

JA model was used to 
quantitatively calculate the 
change of attitude value of 

infected individuals.

After qualitative determination of
 attitude value and individual change, 

conduct quantitative calculation

Immune individuals 
whose state is R

Individuals in state I transmit information 
to the outside many times in a t cycle, but 
without further development of the event, 

the individual will lose interest in event 
transmission and become an immune 

person with a certain probability

With the further development of events, 
relevant information will appear 

periodically and individuals will become 
susceptible with a certain probability in 

the new stage of information 
dissemination

Figure 1: )e principle of the polarization model integrated with SIRS.

Complexity 7



where ki is the degree of i in G.
In Figure 6, the horizontal coordinates standing for the

number of interactions and the vertical coordinates repre-
sent the proportion of individuals participating in the group
polarization and their changing process for the attitudes
during the information interaction process. It is not difficult
to find that the infected individuals fluctuate between 0 and
0.5. As shown in Figure 7, the horizontal coordinates and
vertical coordinates represent the number of interactions
and individual attitude values, respectively. From the sim-
ulation results, the individual gradually develops a polari-
zation trend after intense interactions, and the attitudes
begin to shift to the two extreme directions 1 and -1, while a
small number of individuals adhere to their own opinions
without being affected by the surrounding environment.)e
points representing their attitude values are scattered be-
tween −1 and 1. However, since the overlapped parts of the
evolutionary process of individual attitude values cannot be
visually reflected in the graph, we also give the individual
attitude distribution under different interaction times (no-
tice that time is used to measure the number of interactions),
as shown in Figure 8.

)e histogram for individual distribution of the initial
state time� 0 is shown in Figure 8(a), in which the horizontal
coordinates indicate the individual’s attitude value and the
vertical coordinates represent the number of individuals. In
the initial stage, the distribution of individuals’ attitude
values is relatively uniform, and the understanding and
viewpoint of the event are relatively scattered. However,
when the depth of interindividual communication is greater,
the evolutionary process of time from 0 to 400 illustrates that
the whole group gradually presents two levels of differen-
tiation. )e opinion polarization phenomenon gradually
emerges, but there are also very few individuals who hold
different opinions. )e main reasons are as follows: (1) the
contradictions exposed by mass events are sharper and the
impact is larger, which make the individual easy to repel and
the assimilation is weak, causing two extremely dominated

opinions. (2) A few individuals have strong self sense. )e
influences exerted by the outside world are weak for them,
and they always maintain their own inherent attitudes. (3)
Some individuals have strong immunity to external inter-
ference. )ey rarely receive outside information, and thus
have low participation in the discussion of mass events.

5. Results and Discussion

)is section mainly discusses the following aspects based on
the experimental simulation results: (1) it analyzes the in-
fluence of SIRS-based information diffusion on the polari-
zation process of group attitudes and verifies the significance
of polarization effects with and without integration of the
SIRS epidemic model; (2) it explores the relationship be-
tween group polarization and individual immunity to in-
formation by adjusting the recovery rate parameter c in the
SIRS epidemic model; (3) it explores the influence of dif-
ferent relationship strength Z on polarization effect; (4) it
investigates the effects of different network structures on
polarization. Exploring the above four aspects further an-
alyzes the important factors affecting the development and
diffusion of public opinion polarization in group behavior,
which will be used for reference to reduce the social harm of
extreme network mass events.

5.1. Comparing the Polarization Process with and without
Integration of SIRS Epidemic Model. )is section explores
the impact of the transmission characteristics of epidemic on
the group polarization effect, which is achieved by con-
trolling network structure, initial attitude values, and other
parameters to remain unchanged, while only changing the
way of information interaction among individuals. )e
model uses epidemic transmission to carry out individual
information interaction, as shown in Figure 9(a), and the
epidemic model is also used to screen out nodes in different
state stages. We define that the individual whose state is
changed from state S to I at the next moment is affected by
the surrounding individuals. If they change from susceptible
individuals to infected ones, it is obvious that their attitudes
have been changed. Subsequently, by searching their con-
nected individuals with states I at last moment and then
integrating the attitude values of these individuals, the
amount of change is calculated. )e information interaction
mode of the comparison model is shown in Figure 9(b). )e
intermediate individual ‘A’ needs to exchange information
with all the surrounding individuals before judging whether
to change his altitude value. Also, the individual ‘A’ syn-
thesizes the opinions of all the surrounding individuals and
updates his attitude value. Comparing the polarizations with
the epidemic mode to the one with one-to-many mode, the
effect is shown in Figures 10 and 11.

Comparing the polarization effects of the two modes, it
can be found from Figures 10 and 11 and Table 4 that these
two ones both have relatively obvious polarization trends,
and the polarization effects are significant. However, com-
paring Figures 10(a) and 10(b), it can be found that the
concentration of opinions of epidemic mode is higher than

Pseudocode of the simulation

For every independent run:

Generate a BA network graph of size n

Initialize attitude value of agents (nodes)

Set different proportions of initial roles (S, I or R):

Change roles according to the principle of infectious disease model

Loop over all these agents:

Choose an agent randomly:

If this agent changes from the role S of the previous moment to I:

Change attitude value based on formulas (7)–(9)

Else:

Attitude values remain unchanged

end

end

Figure 3: Pseudocode of the simulation process.
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that of one-to-many mode, and the polarization speed in
epidemic mode is faster. )us, the model with integration of
the SIRS epidemic mode has a better polarization effect
under the same interactions. )e reason lies in that different
modes of information interaction among individuals can
greatly influence the final polarization effect. In connection
with the reality of life, when individuals face a topic of public

opinion, they should listen to the opinions of all the indi-
viduals around them as many as possible, which will lead to
the neutralized idea tend to be rational, and the extreme
trend will slow down unless the surrounding individuals
have formed a more obvious polarization perspective from
the beginning. But the possibility of this situation is low, so
the final polarization process is slower too; while the

function A = sirs ()

A = zeros (N);

for i = 1 :N

Generatea BA network graphof size N

end

% Initialize attitude value of agents (nodes)

xi = 2∗rand(N, 1)-1;

for i = 1 :N

% Set different proportions of initial roles (S, I or R):

inif = rand(1)

if inif ≤ 0.1

sirs (i) = 2; % The initial infected individuals were 10% 

else

sirs (i) = 0; % The initial healthy individuals were 90%

end

end

[row1, ~] = find (sirs == 2)

for i = 1 :N

%Individuals in the network transmit infections at different rates.

neigh = find(A(i,:) == 1);

neighn = length(neigh);

neighi = length(find(sirs(neigh) == 2));

prob = neighi/neighn;

By comparing the size of the probability to determine whether an individual has been infected

end

%According to the infection between individuals, determine whether the individual’s attitude 
value changes.

for i = 1 :steps

choose an agent randomly:

if this agent changes from the role S of the previous moment to I:

Change attitude value based on algorithms

else

Attitude values remain unchanged

end

end

Figure 4: Pseudocode of the SIRS model.
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individuals who change from S to I state are screened
through the epidemic model, they consider the change of
individual attitude as the process of infection. )rough the
information dissemination, the communicator infects the
surrounding noncommunicators with a certain probability,
which in turn affects the opinions of the noncommunicators
and enables them to become communicators who continue
to spread the information. )is format makes the change of
individual attitude only be affected by the surrounding
communicators, which is easy to form the strong and weak
opinions. Generally, the individual’s conformity leads to
compromise and yield to the strong side, and ultimately the

decisions made by them tend to follow the strong side, thus
the polarization emerges.

In addition, since infectious viruses are difficult to
control in the process of transmission, the spread of public
opinion with epidemic characteristic exerts a large influence
on the society. Usually, it attacks all nodes in the network
during the transmission process and spreads rapidly to the
entire network, making the individuals vulnerable to the
extreme public opinion.

5.2. Effect of Immune Recovery Rate c on Polarization Effect.
In reality, with the official refutation of false information and
the improvement of individual cognitive level, the indi-
viduals’ willingness to spread information is constantly
reduced, and then the information dissemination is stopped
to reach the immune state. However, there are some mass
events with great influence. Due to the opacity of official
channel information in the early stage of the event, the
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Figure 5: Schematic diagram of network structure. (a) Extended BA network structure diagram. (b) Probability distribution of node degree
in network.

Table 3: Parameter statistics of network structure corresponding to
Figure 5.

Average shortest
path length Clustering coefficient Mean of degree

3.6978 0.61217 5.6267
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Figure 6: Infected individual proportion.
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Figure 7: Individual attitude with number of interactions.

10 Complexity



public has doubts about the credibility of the government,
which makes the participating groups unable to obtain the
authoritative information to support the event. As a result,
different versions of information are constantly emerging,
and individuals are forced to adjust their attitudes and
standpoints according to the relatively reliable information
sources, forming a phased closed-loop similar to SIRS
infectious diseases. )e immunity of individuals to infor-
mation, to a large extent, depends on the amount of in-
formation disclosed and the degree of authority. Based on

this, this section explores the effect of the recovery prob-
ability from an immunized individual to a susceptible
individual on the final polarization and controls the im-
munity rate of immunized individuals by increasing and
decreasing the c value. In this case, other conditions remain
unchanged. )e parameter c value is adjusted, the recovery
rate is increased from 0.1 to 0.5, the step size is set to 0.2,
and the health, infection, immunized individual ratio
curve, and polarization effect diagrams are observed,
respectively.
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Figure 8: Individual attitudes under different interaction times. (a) Time� 0. (b) Time� 50. (c) Time� 100. (d) Time� 400.
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Figure 9: Individual information interaction mode in polarization model. (a) Information interaction Mode (epidemic model). (b)
Information interaction mode (one-to-many mode).
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Figure 10: Individual attitudes with interactions in different interaction modes. (a) With epidemic mode. (b) With one-to-many mode.
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As shown in Figure 12, when the immune recovery rate
are 0.1 and 0.3, respectively, the degree of information
dissemination gradually increases, while the individuals tend
to be stable after a certain interactions, and the information
disseminators in the group disappear, leaving only healthy
individuals. When the immune recovery rate is increased to
0.5, the three roles in the individuals are constantly recip-
rocating, and the spread of information is similar to the
strong infectious virus, which has always existed in the
group. We can also see from Figures 13 and 14 that as the
recovery rate increases, the polarization effect tends to in-
crease. )erefore, it is easy to find that the increase of the
immune recovery rate c makes the information transmission
from the beginning to the steady state lasts longer, and the
final polarization effect and the polarization speed are ob-
viously improved. )e internal mechanism of the group
polarization process is also analyzed by means of the sim-
ulation results. On one hand, from the perspective of epi-
demic transmission, when individuals have high immunities
to an epidemic, the spread of the epidemic will be limited
and the infection rate as well as the infection scope will also
be controlled effectively. On the other hand, from the
perspective of information transmission, when the indi-
viduals have high immunities to the public opinion, the
influence of public opinion on individuals will be greatly
reduced, and the spread of news will be greatly weakened as
well. )erefore, the spread of public opinion will be curbed.
Similarly, the significance of the viewpoints of group

polarization in the model is affected by the breadth and
depth of information transmission among individuals. )e
group polarization effect will be less significant if the in-
formation transmission is blocked.

According to the analysis mentioned above, in the
prevention or resolution of mass events, the strategies that
may be included as follows: (1) to improve the individual’s
immunity to public opinion information; (2) to effectively
release the authoritative information from various channels;
(3) to enhance the individual’s immunity to false statements;
(4) to accurately identify the authenticity of the information.
Consequently, the individual will be prevented from be-
coming a communicator of false news.

5.3. Influence of Relationship StrengthZonPolarizationEffect.
)is section is focused on the impact of the relationship
strengths among individuals on the polarization process.
Since the relationship strength is used to describe the close
relationship among nodes, that is, the close relationship
among people in the real society, it is not only reflected as the
weights in a graph but also involves the gaming of inter-
personal relationship of psychology. )e closer the rela-
tionship is, the greater the impact on each other is.
According to this, the relationship strength, as an important
part of the complex network, has a greater impact to the
development of polarization.

Because the nodes in the BA network follow the power-law
distribution, which has the characteristics of small audience
and high clustering coefficient, it is used to simulate the real
social network. )is section mainly keeps other variables
unchanged and compares the influence of different relationship
strengths on the polarization results in BA network and thus
derives its influence on the polarization process. Considering
the scientific nature of the experiment, this paper has carried
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Figure 11: Individual attitude distribution under different interaction times of polarizationmodel. (a) Epidemic interactionmodel. (b) One-
to-many mode.

Table 4: Statistical table of individual polarizability corresponding
to the two modes in different interaction stages.

Time 0 50 100 400
Epidemic interaction model 16.1 48.3 63 97.7
One-to-many mode 16.1 36.7 54.7 94
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out several times of repeated simulation experiments and
designed four groups of experimental objects. One chooses
homogeneous strength with the relationships between con-
nected individuals as 2, and others choose heterogeneous
strength with the relationships to a random number between
1–4, 1–6, and 1–8. All the other variables remain unchanged.
)e simulation was repeated several times, and the obtained
average results are shown in Figure 15.

As shown in Figure 15 and Table 5, on the whole, the
polarization proportion of heterogeneous relational
strength network is similar to that of homogeneous rela-
tional strength network. However, in the early stage of
interaction, that is, before the number of interactions is less
than 150 times, the speed of group polarization in relation
strength heterogeneous network is relatively fast. When the
attitude polarization of groups tends to be stable, the in-
fluence of homogeneity and heterogeneity of relation
strength on polarization is relatively small. Just like a topic
discussion in a meeting, all individuals have their own
opinions initially. If this process is regarded as a polari-
zation process, when the participants are strangers to each
other, it will be relatively difficult to unify the points or
eventually divide them into several relatively consistent
points of view, because each individual, as a decision-
maker, needs to integrate the individuals with similar views

equally. If the participants are familiar with each other and
there are common interests or close relationships among
individuals, then the decision-making individuals can
choose the decision-making of individuals with similar or
closely related views by weight. In the process, the as-
similation and exclusion of views will be more obvious, and
the final decision-making results will appear faster.

)erefore, when dealing with the polarization of public
opinion, it is necessary to analyze the composition of the
group, so as to understand the interests and emotions among
individuals in the whole group as the judgment indicators of
the relationship strength. If the relationship strength among
individuals is larger, the polarization of the event will be
relatively faster.

5.4. Influence of Different Network Structures on Polarization
Process. During the process of investigating public opinion
polarization in group behavior, network structure as an
important factor is of great significance to its evolutionary
result. Different network structures represent different ways
of information exchange and transmission among groups,
which have a greater impact on the information transmis-
sion, interaction, and polarization of opinions. As a result, in
this section, we select three different networks including BA,
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Figure 12: Transmission curve of epidemic model with immune recovery rate of 0.1, 0.3, and 0.5. (a) c � 0.1. (b) c � 0.3. (c) c � 0.5.
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Figure 13: Attitude polarization evolution with immune recovery rate of 0.1, 0.3, and 0.5. (a) c � 0.1. (b) c � 0.3. (c) c � 0.5.
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Figure 14: Histogram of individual attitude distribution under different interaction times corresponding to Figures 13(a)–13(c). (a) c � 0.1.
(b) c � 0.3. (c) c � 0.5.
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Figure 15: Comparison of attitude polarization between networks of homogeneous and heterogeneous relationship strengths.
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small world (SW), and fully connected networks (FCN) to
study the influence on opinion polarization.

We firstly construct the fully connected network and the
small-world network. )e fully connected network is shown
in Figure 16.)e small-world network is built as follows: the
nearest neighbor coupling networks are generated, including
N nodes and connecting multiedges, in which each node is
connected with K/2 nodes of its left and right neighbors,
whereK is an even number. Later, taken the random number
p (p ∈ (0, 1)) as the probability, each node reconnects every
single edge of the initial network. But in the rewiring
process, it is forbidden to have multiple connections be-
tween two nodes or exist the self-connecting of the same
node shown in Figure 17.

Comparing the public opinion polarization process in
group behavior under the BA network, the small-world
network, and fully connected network, the impacts of dif-
ferent network structures on the degrees of group polari-
zation are visually shown in Figures 18–20. Considering the
reliability of the experiment, the size of the BA network,
small-world network, and fully connected network should
be consistent meaning these different networks have the
same number of nodes as well as edges. Meanwhile, several
experiments should be carried out to compare the polari-
zation processes under the three networks, and the results
are shown in Figures 18–20.

In Figures 18(a), 19(a), and 20(a), the polarization
processes of BA network, small-world network, and fully
connected network are compared. When we adjust different
network connection parameters, the experimental results
show that the polarization effect under BA network is ob-
viously better than that of small-world and fully connected
network. Also, the polarization degree of fully connected
network is the lowest. In Figure 18(a), if the probability of
edge-breaking reconnection parameter p of the small-world
network is set to 0.1, the difference between the polarization
effect under the BA network is small as a whole; and when p

is adjusted to 0.05 and 0.01 (As shown in Figures 19(a) and
20(a)), the polarization effect is significantly reduced. In
addition, Figures 18(b), 18(c), 19(b), 19(c), 20(b), and 20(c)
represent the polarization trajectories of the participants in
BA and SW networks, respectively.

In this paper, ten independent simulation experiments
are carried out under different network structures to observe
the variance of attitude distribution of network individuals
in each timeslot. In order to make the experiments more
accurately and ensure the rationality, the maximum and
minimum values in the calculation results are removed, and
then the average value is taken for calculation. Table 6 is the
results for comparing the average difference of group

attitudes in different timeslots under different network
structures. )e calculation formula is as follows:

M � 
n

i�1

xi

n
,

S
2
1 �


n
i�1 M − xi( 

2

n
,

D �


10
j�1S

2
j − min S

2
j  − max S

2
j 

8
,

(13)

where M is the mean of attitudes, S21 is the variance of at-
titudes, and D is the mean of variance after removing the
maximum and minimum values.

)e statistical results show that with the development of
polarization process, the average difference of views and
attitudes of groups is continuously enlarged. )e reasons
are as follows: (1) the structure of BA network determines
the speed of information transmission and the vulnerability
to risk when dealing with the invasion of news of a similar
epidemic. If the degree of some nodes is extremely large,
once these ones are invaded, the speed for which the
network is infected by information will be greatly
accelerated and virus-like messages are not easily removed,
meaning they will remain in the network. )e breadth and
depth of the spread of these virus-like messages among
groups determines the final degree of opinion polarization
in group behavior. Obviously, under such a network
structure, the polarization phenomenon is very easy to
occur, and the polarization on Internet social platforms
with similar network structures is also common; (2) unlike
BA network, the small-world network is more similar to the
actual interpersonal relationship network, because the

Table 5: Statistical table of polarization ratio of individuals under different relationship intensities (mean value of 5 experiments).

Time 0 (%) 50 (%) 100 (%) 150 (%) 200 (%) 400 (%)
Homogeneous relationship strength 6.3 52.7 75.4 88.0 89.8 95.4
Strength of homogeneity relationship obeying 1–4 6.3 75.2 90.6 92.1 92.2 96.7
Strength of homogeneity relationship obeying 1–6 6.3 58.9.7 83.7 89.1 92.4 96.7
Strength of homogeneity relationship obeying 1–8 6.3 64.1 85.3 91.7 92.2 96.1

Figure 16: Fully connected network.
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connection of most individuals is limited to the sur-
rounding “neighbors”. Under such network structure, the
speed and breadth of information transmission depend on
the “personality” possessed by the individual and the
connection with the distant or higher-level individuals,
which is equivalent to the reduction of the remote con-
nection, that is, the reduction of individual contacts in the
group. )us, it will essentially affect the information
transmission and reduce the interaction among individuals,

forcing the group’s opinions and attitudes to be less vivid
and sharp; (3) in the fully connected network, each indi-
vidual has a global perspective and can fully grasp the
attitude values of other individuals. Under the condition of
complete information symmetry, individuals tend to make
rational decisions. As a result, the simulation results show
that the polarization degree of individuals in the fully
connected network is low, and the standard deviation is
also small. With the deepening of interaction, the standard

(a) (b) (c)

Figure 17: Small-world network (p � 0.01, 0.05, 0.1). (a) p � 0.01, (b) p � 0.05, and (c) p � 0.1.
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Figure 18: Comparison of attitude polarization process under different network structures (p � 0.1).
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Figure 19: Comparison of attitude polarization process under different network structures (p � 0.05). Polarization trend charts of (a)
participants under different network structures, (b) participants under BA network, (c) participants under SW network, and (d) participants
under FCN network.
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Figure 20: Continued.
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deviation gradually decreases and the attitude values be-
tween individuals continue to assimilate.

All in all, an important reason for the endless stream ofmass
events and increasingly sharp contradictions in the network is
that the structure of the social network is very easy to form the
penetration and transmission of information, thus attracting
individuals with different opinions. While in the process of
further information dissemination, different groups develop
their own opinions, and the conflict of ideas is aggravated in the
process of communication, thus leading to polarization.

6. Conclusions

According to the polarization phenomenon in mass events,
this paper combines the SIRS epidemic model with the
polarization model and uses the multiagent Monte Carlo
method to realize the evolution of agents’ attitudes toward
polarization. Also, through the analysis of the model pa-
rameters, this study analyzes the main factors that result in
the polarization phenomenon. )e main contributions and
conclusions are illustrated as follows:

(1) )is paper combines the SIRS epidemic model with
the J-A model and regards the individual’s attitude
change affected by surrounding individuals as the
infectious process of healthy individuals affected by
infected ones. At the same time, the process of the
infected people’s immune relapse is metaphorized as
the process in which an individual changes his at-
titude repeatedly, resulting in the quantitative ac-
cumulation to the qualitative change. )e results

obtained from simulation experiments further verify
that the polarization effect is more significant with
the integration of the SIRS epidemic model.

(2) )e immune recovery rate c directly affects the overall
progression of polarization. As the c value increases,
the polarization phenomenon becomes more obvious.
)erefore, when preventing or resolvingmass events, it
is possible to improve the individuals’ immunity to
public opinion information and effectively release
authoritative speech from various channels, so that the
audience may accurately distinguish the authenticity of
themessages and thus reduce the c value to prevent the
individuals from becoming communicators of false
news and control extreme events or extreme public
opinions.

(3) According to the relationship among individuals in
the real society, this study assigns its different re-
lationship strengths to reflect the influence of inti-
mate individual opinions when making decisions.
Based on this, this study explores the effect of
changing the intensity of the relationship on the
polarization process under the same conditions and
finds that if there is an interest relationship among
individuals in a group, the polarization of events or
contradictions will be accelerated, and the final re-
sults will also be relatively intensified.

(4) Different network structures may affect the polariza-
tion process. )e BA network may significantly lead to
more obvious polarization than the small-world net-
work, and the polarization process of small-world
network is affected by the number of remote indi-
viduals. It shows that the average distances among
individuals influence the polarization process.

However, because the development process of mass
events is extremely complicated and the polarization phe-
nomenon involves many factors and the real network
structure is also complex [41], the theoretical discussions in
this paper are not straightly applied to the empirical scene
now. In future research, the role of opinion leaders [42], the
nonbidirectional factors of interindividual relationship
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Figure 20: Comparison of attitude polarization process under different network structures (p � 0.01). Polarization trend charts of (a)
participants under different network structures, (b) participants under BA network, (c) participants under SW network, and (d) participants
under FCN network.

Table 6: Average difference statistics of interaction stages at dif-
ferent times corresponding to Figures 18–20.

Network T�1 T� 50 T�100 T� 400
BA 0.6138 0.8794 0.9352 0.9868

SW
p � 0.1 0.6138 0.8433 0.8947 0.9801
p � 0.05 0.6138 0.773 0.8172 0.8563
p � 0.01 0.6138 0.6893 0.727 0.7469

FCN 0.6138 0.5502 0.5424 0.5334
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transmission [43], and individual’s joining and leaving
mechanism in the network [44], etc. should be considered as
the research focus to make the model more realistic and the
results of the simulation experiment more reasonable.
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