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Opinion natural reversals are important and common phenomena in network management. It is a naturally emerging process of
opinions characterized by interactions between individuals and the evolution of attitudes themselves. To explore the underlying
mechanism of this social phenomenon and to reveal its dynamic traits, we propose here a novel model which takes the effects of
natural reversal parameter and opinion interaction on the individual’s view choice behavior into account based on the Heg-
selmann and Krause (HK) bounded confidence model. Experimental results show that the evolution of individual opinions is not
only influenced by the interactions between neighboring individuals but also updated naturally due to individual factors
themselves in the absence of interaction, which in turn proves that the proposedmodel can provide a reasonable description of the
entire process of public opinion natural reversal under the Internet environment. Besides, the proportion of group opinion
tendency, network topology, identification method, and the influence weight of opinion leader will play significant roles in this
process, which further indicates our improved model is very robust and thus can provide some insightful evidence to understand
the phenomena of opinion natural reversal.

1. Introduction

*e rapid advance of Internet technology and Web 2.0 has
given rise to the wide presence of public opinion through the
digital media. Unlike the one-way transmission context of
traditional media, this type of new platform endows com-
mon individuals to share their opinions punctually and
conveniently and thus makes social public opinion represent
the rapid propagation speed and a wider influence scope. It
has resulted in a lot of difficulties for social and cyber
governance. As a result, the study of online public opinion
has recently received much more attention in many fields. It
can be found that a large number of online public opinions
are often induced by social emergencies, in which some

opinions are in the mainstream for a long time during the
diffusion process, while there are also some opinions which
are most likely to reverse suddenly for the slight change in
certain individuals’ thoughts. *is emergent social phe-
nomenon is called opinion reversal [1], and the documentary
Under the Dome released by the Chinese journalist Chai Jing
in 2015 is one of the most famous examples.

To the best of our knowledge, some opinion reversal
phenomena are caused by human control, and others have
resulted from the diffusion mechanism of the opinions
themselves. *e latter is a so-called natural reversal of
opinion in this paper and is also referred to as public opinion
reversal in some cases. In nature, the choice of individual
opinion is a decision-making behavior which is affected by
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not only external situations but also internal cognition re-
lated to the decision itself [2]. Accordingly, opinion natural
reversal is an evolutionary process of viewpoint natural
mutation caused by the shift of individual cognition which is
resulted from both the information interaction with other
participators and the psychology of the involved persons
themselves. It is not the result of forced reversal by external
intervention. It indicates that the selection and evolution of
individual opinions are the internal determinants of natural
reversal and the driving forces of public opinion orientation.
*erefore, it has been observed that understanding this kind
of opinion reversal is beneficial for monitoring and early
warning of online public opinions and exploring the dy-
namics of opinion natural reversal will contribute to im-
proving the network emergency response and the social
governance capability of the corresponding governmental
departments. However, in order to unfold the underlying
mechanism of this complicated social phenomenon, it is
necessary to propose a suitable model to understand the
inherent dynamic characteristics in the evolution process of
opinion natural reversal.

*e states of individual and collective opinions always
change dynamically with the information acquired from the
whole society and their surrounding environment, which
leads to different behavior patterns of groups from the
macroperspective. Social physicists have employed the
models and methods in information science and complex
network to understand this type of evolution process. It is
well-known that opinion dynamics models originated in the
study of social dynamics that aims to explore the evolution
rules of group states over time in the social system. Similarly,
opinion natural reversal is most likely to reverse suddenly
due to the slight change in certain individuals’ ideas. Sub-
stantially, this emergent social phenomenon could be ex-
amined and simulated by using the opinion dynamics
model. However, among prior studies about opinion dy-
namics, most researchers focused on exploring the mac-
rolevel emergent behavior from the perspective of microlevel
mechanism, such as the opinion dynamics model in the field
of statistical physics [3]. *ese models were mainly to reveal
the opinion evolution based on the interaction roles between
particles in physics [4]. Although prior models have pro-
vided the needed quantitative ways for conducting studies
involving the formation and propagation mechanism of
public opinion, they were based on the premise that the
evolution law of ideas is subject to the linear interaction, and
the processing methods were limited to the traditional
methods including matrix, Markov chain, and graph theory.
Furthermore, a pair of individuals actually begin to affect
each other when the difference between their opinions is
below a given threshold, and the existing models failed to
take this nonlinear interaction into account. Subsequently,
with the development of complexity science, the nonlinear
opinion dynamics models which are more in line with the
actual situation were gradually proposed with the tools of
social networks [5] and social dynamics. Since the analytical
solution of this kind of model is often difficult to get in most
cases, computer simulation has become the main method to
resolve this problem [3, 6, 7]. Currently, the dynamic models

can be roughly divided into two categories: the master
equation model of stochastic social systems [8] and the
multiagent systems model of deterministic social systems
[9]. *e former can only be solved by a numerical method,
while the latter is generally adopted if the size of the network
scale is a finite natural number N; the dynamic change in
individual’s state needs to be considered from a microlevel.

Another major line of previous works focused on
whether opinions are discrete or not. Discreteness means
individual opinion is captured by a discrete integer value; for
example, 0, +1, and −1 can be used to denote the neutral,
positive, and negative opinions, respectively. *e typical
models include the Ising Model [10, 11], Sznajd Model [12],
and majority rule model [13]. It has been found that the
discrete model cannot describe the continuous transitions in
public opinions; thus, the idea of continuous value (i.e., a
number between 0 and 1) capturing an individual opinion is
applied in modeling of public opinion. Among them,
Deffuant and Weisbuch proposed a multiagent system (DW
model) to check the interdependence between the similarity
of agents’ opinions and the frequency of their contacts
[14, 15], and Krause and Hegselmann advanced a relative
agreement model (HK model) quite similar to the former
one [16, 17]. *e bounded confidence rules indicate that a
pair of agents begin to impact each other when the difference
between their opinions is not higher than a given threshold
[18], and the evolution of collective opinions may eventually
lead to three stable states: consensus, polarization, or sep-
aration [19]. Both the DW model and the HK model are
repeatedly updated with the average value of opinion based
on bounded confidence at discrete time points, and this rule
conforms to the “selective contact” in social psychology [20].
However, their differences lie in the range and mode of
individual communication, and at a specific time, only a pair
of agents whichmeet the confidence threshold will randomly
interact in the DWmodel, while all individuals who satisfied
this condition can communicate their views at the same time
in the HK model, and the state of each agent’s opinion is
always updated to the average value of all individuals within
their confidence threshold. Recently, these two models have
received great attention in the field of opinion dynamics and
have improved and extended for the specific phenomena and
problems in order to reasonably evolve the public opinion.
However, the improvements based on the DWmodel mainly
included reciprocity feedback consistency [21], first im-
pression effect under general opinion distributions [22],
interaction selection rules [23], steady-state property in
social networks [24], social learning with heterogeneous
agents [25], dynamics of bounded confidence threshold [26],
noise impact [27], and interpersonal network [28]. *e
expansions of the HK model were reflected in confidence
threshold [29], nonlinear viewpoint updating rules [30],
opinion leaders [31], trust threshold heterogeneity [32],
directed network [33], self-confidence parameter [34], and
cognitive styles [35].

Although the classical opinion dynamics model of
bounded confidence mentioned above has simplified the
interaction rules and the selection of interaction objects for
the purpose of studying the emergingmacroscopic behaviors

2 Complexity



of groups and has achieved promising results in modeling of
public opinion, collective opinion reversal is often the result
caused by the combination roles of internal factors (i.e.,
individual psychological and cognitive heterogeneity) and
external influences (i.e., opinion leaders [36] and social
interaction network structure [37]). *erefore, there are
some gaps that need to be solved yet: (1) as we all know, the
communications between individual agents are, in general,
very beneficial to achieve consensus in public opinion
formation in the real-life, and this demonstrates that both
the bounded confidence hypothesis and its repeated average
updating rule have real-social context, which in turn means
the dynamics model based on bounded confidence is suit-
able for exploring the natural reversal of online public
opinion. However, the traditional HK model concentrated
on the phenomenon of consistency and differentiation in the
steady state of opinion diffusion under simple rules, as well
taken the influence of individual interaction on opinions
into consideration, but there still remains little work that
systematically considers and distinguishes whether a node is
influenced by opinion leaders or ordinary individuals.
Generally, opinion leader is obviously the critical node with
a higher centrality in social networks, and it is bound to
affect public opinion assimilation, integration, and separa-
tion, but his/her influence on opinion evolution is obviously
different from that of ordinary individual, so the classical HK
model cannot explain this problem. (2) Even though some
studies considered the role of opinion leader in the opinion
evolution, they tended to randomly select the node as an
opinion leader node from the social network. But in fact,
opinion leaders should be the established nodes in the real
scenario, which requires to accurately identify them. Oth-
erwise, it is difficult to guarantee the authenticity of opinion
evolution. (3) *e traditional opinion dynamic models held
that the viewpoints in the whole system were neither at-
tenuated nor augmented, which is insufficient in description
of opinion natural reversal. *e reason is although the
original HK and its extended models considered the impact
of individual interaction on opinion diffusion, they did not
take into account that the participator’s view itself also may
be changing dynamically. Actually, individuals will enrich
their own knowledge and improve their experiences by
means of web page browsing and information receiving,
which will unconsciously impact their cognition of a specific
event and opinion choice. *is is an objective phenomenon
that individual’s opinion itself usually shifts with time even
without the interaction effect of neighbor nodes, while little
is known about which parameter can perfectly describe this
trend of opinion evolution over time. To fill in these gaps,
our study employs the centrality index in SNA to identify the
opinion leaders and proposes a modified dynamics model
for the opinion natural reversal based on HK bounded
confidence model considering the natural reversal features
caused by individual cognition in the network environment.
It is used to put particular emphasis on understanding the
phenomenon of opinion natural reversal and its internal
mechanism in the evolutionary process of public opinion.

*e rest of this paper is organized as follows. *e
centrality index in SNA is proposed to measure the opinion

leaders in the group, and a leader-follower opinion dynamic
model with natural reverse and heterogeneity is advanced in
Section 2. In Section 3, we report some computer simulation
results about the evolution of public opinion and discuss the
phenomenon about opinion natural reverse. Section 4 is
further to check the sensitivity and robustness of our model.
We conclude this study and give some potential research
directions in Section 5.

2. Opinion Natural Reversal Dynamics Model

*eHKmodel gives the influence of the agents’ behaviors on
the evolution process, and the agents in this model have the
same behaviors; that is, they all update their own opinions
according to the bounded trust rules, without considering
other situations in opinion dynamics, such as the influence
of opinion leaders [38, 39].

2.1. HK Model. To construct the HK model, we consider n
agents in a system, the set of which is denoted as A� {1, 2,
. . ., n}. *e opinion of agent i at time t is represented by
xi(t) ∈ [0, 1], and a vector is formed x(t)� (x1(t), x2(t),
. . .xn(t)), i ∈A, t≥ 0. Each agent has an initial opinion x (0) at
t� 0. According to the HK model,

I(i, x(t)) � 1≤ j≤ n | xi(t) − xj(t)


< εi , (1)

where I(i, x(t)) is a set of all individuals within the confidence
threshold of agent i at time t, εi is the agent i’s threshold of
confidence, and |xi(t) − xj(t)|< εi denotes the difference
between the opinion of agent i and the opinion of its
neighbor j. When the difference is less than the confidence
threshold, the agent will choose to interact with its
neighbors.

To simplify the problem, these agents within the trust
boundary are given the same weight, and the weight of
agents outside the boundary is valued 0. Formula (2) gives
the specific form of the HK model:

xi(t + 1) � |I(i, x(t))|
− 1


j∈I(i,x(t))

xj(t), t ∈ T,
(2)

where |·| represents the number of agents within the
boundary. HK model is studied for the evolution of ideas
over a period of time within discrete time, T� {0, 1, 2, . . .}.
*e final state of the dynamical system changes with dif-
ferent εi.

2.2. Opinion Leaders and Centrality. Opinion leaders have a
great influence on the diffusion of opinions, which will affect
the whole dynamic process of opinions. Opinion leaders
refer to “activists” who have high influence and appeal in the
social network of the system and often provide information
or opinions to others and exert influence on them. Opinion
leaders can influence the formation of group opinion and
value judgment, as well as the diffusion trend of online
public opinion. *erefore, this paper introduces the influ-
ence of opinion leaders into the opinion dynamics model as
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a starting point to study the internal mechanism of public
opinion structure reversal.

*e traditional practice is to randomly assign some
individuals as opinion leaders in the simulation system [40].
As we know, opinion is spread in the social system, its social
relation network structure characteristics also affect diffu-
sion [41], and the opinion leader is the key node with more
connections in social networks; thus, it is obviously difficult
to accurately reflect the objective reality in the social system
by randomly setting opinion leader nodes. In order to better
identify the opinion leaders in the group, this paper attempts
to adopt the social network analysis method. *e specific
reason is that social network represents the collection of
social actors and their relations and emphasizes the rela-
tionship between each actor and others. It is a method to
analyze the structure and properties of social relations and to
determine the crucial nodes from the social system based on
the dynamic characteristics of agents and the network
background. In general, the key node’s measures of social
network analysis contain the three indexes of degree cen-
trality, closeness centrality, and betweenness centrality [42].

Degree centrality is measured by the total amount of
direct links with the other nodes. Its formula is shown as
follows:

Ci �
m

(n − 1)
, (3)

where m is the number of nodes connected with agent i and
n is the number of agents in a network. In the subsequent
analysis, centrality is short for degree centrality in our study
without being specially explained.

Closeness centrality is to describe the ability of an agent
who is not controlled by other agents, and it can be cal-
culated by the following equation:

Ci �
n − 1

j≠idij

, (4)

where dij is the average distance from node i to j.
Betweenness centrality is to measure one node under-

taking “mediation” role in a network and can be computed
by the following equation:

Ci � 
i≠j≠k

gjk(i)

gjk

, (5)

where gjk(t) is the number of shortest paths going through
node i from node j to k and gjk means the amount of all
shortest paths from node j to k in a network.

2.3. Opinion Natural Reversal Model. Combining opinion
leaders into the HK model to explore the dynamic mech-
anism regarding the natural reversal of opinions, the fol-
lowing model is proposed.

x i is the agent i’s opinion, which valued between [−1, 1]
to quantify the opinion on the event. [0.2, 1] generally
represents the recognition or positive attitude towards the
event, [−1, −0.2] represents the opposite or negative opinion

towards the event, and (−0.2, 0.2) represents the relatively
neutral opinion.

*e effect of opinion leader on opinion diffusion dy-
namics is obviously different from that of the ordinary group
since an opinion leader can influence ordinary groups by its
status in social network, and opinion leader’s viewpoint is
usually not neutral. Accordingly, when proposing the model,
individual agents participating in the evolution of views are
divided into two categories: ordinary group and opinion
leaders. Opinion leaders can be identified with the centrality
index of SNA as mentioned above, and the rest is regarded as
ordinary agents. With the evolution of time, each agent
interacts with other connected agents, and its interaction
rules are carried out according to the HK model. However,
whether the neighbor agent is an opinion leader or an or-
dinary agent, the influences produced are different. *ere-
fore, considering the heterogeneity between opinion leaders
and ordinary agents [43], corresponding diffusion dynamics
models are designed as follows, respectively.

First of all, a n× n matrix R is to represent the rela-
tionship matrix between individuals in a social network. For
all individuals i and j in A, Rij means whether individual i is
connected with j. When Rij � 0, it denotes individual i is not
connected with j; and when Rij � 1, there is a link between
them. *en, supposing the amount of opinion leaders in a
network is m, m ∈B� {1, 2, . . ., m}. *us, the number of
ordinary individuals is n−m, belonging to set C� {m+ 1,
m+ 2, ..., n}. Certainly, A�B∪C. *e rules of opinion
updating are as follows.

2.3.1. Opinion Evolution Modeling of Ordinary Group. If
agent i is an ordinary individual, then i ∈C. Traditionally,
agent i is impacted by its neighbor nodes, while its neighbor
may be either an opinion leader or an ordinary individual. In
order to take multiple effects into consideration compre-
hensively, ordinary group opinion dynamic evolution is
modeling by the linear weighted rules of the joint influences
for these two groups as follows:

(1) Calculating the sets regarding the trust of ordinary
individuals and opinion leaders within the confi-
dence threshold of agent i at time t:

L(i, x(t)) � 1≤ j≤m | xi(t) − xj(t)


< ηi, j ∈ B ,

I(i, x(t)) � m + 1≤ j≤ n | xi(t) − xj(t)


< εi, j ∈ C ,

(6)

where ηimeans the confidence threshold of agent i to
the opinion leaders and εi represents the confidence
threshold of agent i to the ordinary individuals. L(i,
x(t)) and I(i, x(t)) denote the sets of opinion leaders
and ordinary individuals within the confidence
threshold of agent i at time t, respectively.

(2) According to the connection relationship of nodes in
a social network, determining the specific agents j
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linked with agent i in the sets of B and C, agent i’s
opinion at time t + 1 will be influenced by the agent j
that is within the corresponding confidence
threshold, marked bij(t) and cij(t), respectively:

bij(t) �
1, if Rij � 1, j ∈ L(i, x(t)),

0, otherwise,


cij(t) �
1, if Rij � 1, j ∈ I(i, x(t)),

0, otherwise,


(7)

where the value of bij(t) indicates whether the
viewpoint of agent i will be impacted by the opinion
leader j within the confidence threshold ηi. When
j ∈ L(i, x(t)) and Rij � 1 and bij(t) � 1, the opinion
leader j will influence the viewpoint of agent i.
Otherwise, there is no effect. Similarly, the value of
cij(t) indicates whether the viewpoint of agent i will
be impacted by the ordinary individual j within the
confidence threshold εi. When j ∈ I(i, x(t)) and
Rij � 1 and cij(t) � 1, agent i will be affected by the
ordinary agent j. When cij(t) � 0, agent j has no
effect on agent i.

(3) Based on trust set and matrix R, the opinion of agent
i will be updated as the following equation:

xi(t + 1) � θ
1

j∈L(i, x(t))bij(t)


j∈L(i, x(t))

bij(t)xj(t)

+(1 − θ)
1

j∈I(i, x(t))cij(t)


j∈I(i, x(t))

cij(t)xj(t),

(8)

where θ is to measure the influence power of opinion
leaders, while the influence power of the ordinary
group is 1− θ. If there is no opinion leader, let θ � 0,
the model is the HK model, all the agents belong to
the ordinary group, and their opinions evolve
according to the HK model. When θ> 0, both the
ordinary group and the opinion leader group are in
the whole system. Individuals will update their
opinions comprehensively considering the joint ef-
fects of ordinary agents and opinion leaders. Ad-
ditionally, θ� 1, this is to illustrate individual i is only
affected by opinion leaders, and the role of ordinary
individual is not considered.

(4) If the opinions of all individuals do not continue to
change, or the following condition is met, the update
will be ended:


n

i�1
xi(t + 1) − xi(t) 

2 ≤ δ, (9)

where δ is set as a positive number close to 0. In our study,
we let it equal to 0.0001.

2.3.2. Opinion Evolution Modeling of Opinion Leader Group.
If agent i is an opinion leader, then i ∈B. Since opinion leader
agents are more likely to insist on their own views, they may
only be influenced by other opinion leaders with a certain
authority, rather than the ordinary agents in the short run.
Hence, the diffusion dynamics process could be varied with
the initial attitudes of opinion leaders. In a general way, there
are two categories of initial attitudes of opinion leaders,
positive and negative. Accordingly, the evolution of view-
points of opinion leaders with a positive attitude can be
described by formula (10), and the opinion update law of
opinion leaders with a negative attitude is given by formula
(11):

xi(t + 1) � θ|L(i, x(t))|
− 1


j∈L(i, x(t))

xj(t) +(1 − θ) × 1,

(10)

xi(t + 1) � θ|L(i, x(t))|
− 1


j∈L(i, x(t))

xj(t) +(1 − θ) ×(−1),

(11)

where xj(t) denotes the viewpoint of an opinion leader.

2.4. Natural Reversal Parameter. To describe the process in
which individual opinion itself will naturally vary across
time, even if there is no interactive influence of individual
neighbors, it is necessary to introduce a parameter that
changes with evolution time to modify the HK model. *e
theories regarding individual complexity and personality
trait emphasized that the individual’s psychological cogni-
tion ability will enhance with the increase in knowledge and
experiences. *is indicates that the natural reversal pa-
rameter is not a fixed constant but a monotonically in-
creasing function. In the early stage of evolution, due to the
limited knowledge of an individual, the value of this pa-
rameter should be small. However, with the increase in time,
the knowledge and experiences are more abundant, and the
individual’s opinion choice may not be steadfast, so the value
of this parameter will become larger. *e property of this
parameter is similar to the Sigmoid function:

s(x) �
1

1 + e− x( )
, (12)

where the value of x can be any real number, s(x) ∈ (0, 1),
which can map a real number to the interval of (0, 1). *is
function will increase monotonously within the real number
range x⟶−∞, s(x)⟶ 0, and x⟶+∞, s(x)⟶ 1.

However, when a natural reversal parameter is designed
according to the properties of Sigmoid function, the mi-
croscopic instantaneous transformation cannot be reflected.
*erefore, the derivative is calculated:

s′(t) �
e− t

1 + e−t( )2
. (13)
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Based on equation (13), considering the basic process
and critical influencing factors of natural reversal of opinion,
the natural reversal parameter α(t) is specially constructed as
shown in the following equation:

α(t) �
μe1/β(t− c)

1 + e1/β(t−c)( 
2, (14)

where α(t) increases with time t and 0<α≤ 1. μ is used to
illustrate the impact index of α(t), and it is usually equal to 4.
β denotes the evolution rate, and β ∈ [1, 4]. c represents the
opinion decay time and is ranged from 10 to 30.

*erefore, after introducing parameter α, the opinion
update modeling for the ordinary agent i is as follows:

xi(t + 1) � α(t) θ
1

j∈L(i, x(t))bij(t)


j∈L(i, x(t))

bij(t)xj(t)⎛⎝

+(1 − θ)
1

j∈I(i, x(t))cij(t)


j∈I(i, x(t))

cij(t)xj(t)⎞⎠.

(15)

Correspondingly, the opinion update equations for the
opinion leaders with positive and negative attitudes are
formulas (16) and (17), respectively:

xi(t + 1) � α(t) θ |L(i, x(t)) |
−1


j∈L(i,x(t))

xj(t) +(1− θ) × 1),⎛⎝

(16)

xi(t+1)�α(t) θ|L(i,x(t))|
−1


j∈L(i,x(t))

xj(t)+(1−θ)×(−1)⎛⎝ ⎞⎠,

(17)

in which the different values of parameter reflect the dif-
ference regarding the influence of this parameter on sup-
porting or opposite groups whether they are ordinary groups
or opinion leaders. *e influence of specific parameters on
evolution needs to be compared and tested in the simulation
section.

3. Numerical Simulation Results

3.1. Simulation Scenario and Experimental Design.
Traditionally, the evolution models regarding opinion dif-
fusion and public opinion are mostly based on regular or
random networks. However, compared with the total
number of nodes or connections, in the network formed by
individual participants, the shortest paths of any two nodes
are very small, and its scale distribution of connected
subgraphs is a typical power law distribution. Besides, since
there are complex social network structures in the online
incidents, all of them would be shifted from the simple
random network to the complex nonrandom network [44];
therefore, the network formed by the agents in online public
opinion should have some structural features of online social
networks. Accordingly, in this paper, the default network is

scale-free in the simulations to reflect an actual issue that
public opinion is mainly based on the Internet or mobile
network.

In this situation, our study simulated and analyzed the
process of public opinion reversal using the proposed
method. Essentially, as discussed above, “public opinion
reversal” involves minor agents persuading the majority to
change opinions. *e size of agents (or nodes) is n� 1000 in
the social system simulated here according to the literature
[1]. Each individual agent i has a state value of initial
opinion, and let xi ∈ [−1, 1]. In the initial case, the agents can
be divided into three categories according to the opinion
value: supporters [0.2, 1], opponents [−1, −0.2], and neutrals
(0.2, 0.2). Five nodes are initially set to represent the in-
dividuals who cause the discussion heat in the public
opinion, and then we assume that there are two groups
including opinion leader and ordinary participant. If the
proportion of opinion leader is 0, the proposed model is a
HK model. Over time, the agents will interact with its
neighbor nodes in the local network according to the
principle of bounded confidence, and interactions should be
carried out in accordance with the dynamic model of the
natural reverse built in Section 2; opinion leaders will affect
view evolution, and the system groups’ view evolution will
experience growth and natural reverse process to a steady
state. *e simulation runs until the opinion reaches a steady
state or until at most 100 steps have passed. All simulation
results were averaged over 100 runs.

In addition, it needs to be noted that the steady state of
the system means that if the opinion of all individuals does
not continue to change, the system becomes steady [45].
Moreover, the impact of these factors on the evolution of
public opinion was measured by steady state and steady time
of the social system. *e process framework of simulation
experiment design is as follows (Figure 1):

Step 1 (initialization): determining the evolutionary
period and initializing parameters such as the number
of nodes, confidence interval, convergence condition,
and the number of simulation steps.
Step 2 (formation of social network): generating a
needed network.
Step 3 (setting of initial opinion value): each agent is
given an opinion xi(0), and the initial opinions of the
agents in the system are subject to a particular distri-
bution, such as a uniform or normal distribution.
Step 4 (identification of opinion leader): applying the
social network analysis method to identify opinion
leaders in the generated network. If Period� 1, an
opinion leader can be regarded as an agent with a
positive attitude. If Period� 2, this opinion leader can
be set as an agent with a negative attitude.
Step 5 (calculation of natural reversal parameters):
computing the natural reversal parameter of each node.
Step 6 (update of viewpoint): updating the value of
opinion according to the dynamics model of different
types of network nodes (opinion leaders and ordinary
individuals).
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Step 7 (judgment of the stable state of the system): if the
system becomes steady, the simulation will be ended;
otherwise, go back to step 4.
Step 8 (judging whether Period is equal to 2): if Period
is not equal to 2, let Period� 2 and go back to step 4.
Otherwise, the simulation experiment is over.
Step 9 (verification for the impact of relevant param-
eters): experimentally testing the impacts of related
parameters on the natural reversal process, including
the proportion of group opinions’ tendency, network
topology, and the identification approach and influence
power of opinion leader.

3.2. Identification ofOpinion Leader. To identify the opinion
leaders in the social system from 1000 nodes of a scale-free
network, three indicators regarding centrality in social
network analysis were applied according to Section 2. *e
top 30 nodes were determined and could be regarded as
opinion leaders based on degree, closeness, and betweenness
by using UCINET software, and the results are shown in
Table 1.

As shown in Table 1, it can be found that these top 30
nodes have little difference except in order, which supports
the evidence to conclude that there is a certain reliability
when the method of centrality mentioned in Section 2 was

used to identify the corresponding opinion leaders. *ere-
fore, we employed this approach in the subsequent simu-
lation experiment.

3.3. Simulation Results. In general, individual’s opinion (x0)
in the initial group obeys random and uniform distribution
and x0 ∈ [−1, +1]. *e initial size of opinion leaders is equal
to 20, and the default method of identification is degree
centrality. *e proposed model can be used to examine a
population of n agents in which a mainstream opinion is in
favor of the event in question (i.e., agents in support of the
event are the supporters, and the rests are opponents and
neutrals). *e proportion of the supporters is Ps, and the
rates of the opponents and neutrals are Po and Pn;
Ps+ Po+Pn � 1. It is assumed that the default values of Ps, Po,
and Pn are 80%, 15%, and 5%, respectively, and then we can
generate the values about opinions for the corresponding
groups. For the sake of difference of influence between
different groups, we set the influence weight of opinion
leaders θ� 0.8 and that of ordinary groups 1− θ� 0.2. Ad-
ditionally, the default parameters of the simulations tested in
the natural reversal function are summarized in Table 2.
*ese parameters are applied throughout all the simulations
discussed in this study unless explicitly specified otherwise.

Based on these, we studied the impact of natural reversal
parameter α(t) on the evolution of public opinion, which
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Figure 1: Algorithm process of the simulation experiment design.
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examines the possibility of individuals’ own factors and their
interactions on the opinion evolution with no interactions.
Due to three categories of agents (i.e., supporters, oppo-
nents, and neutrals) in our simulations, two simulation cases
were taken into account in order to facilitate the analysis of

opinion interactions and compare the influence differences.
*e first case is that the parameter α(t) is introduced for the
three types of agents, and this means all individuals’
opinions are not only affected by the external interaction
with neighboring individuals can be but also updated nat-
urally based on the intrinsic influence of their own factors.
Actually, Figures 2 and 3 depict the simulation results of the
proposed HK model.

Specifically, Figure 2 represents the opinions of indi-
viduals varying with time during the whole evolutionary
cycle, in which the red, blue, and black curves depict in-
dividuals holding positive, neutral, and negative opinions
moving forward in tandem as public opinion reverses, re-
spectively. As shown in Figure 2, it appears as though three
types of individuals have reached a compromise, and their
opinions of microindividuals converge to the same and show
the clear reversal process.

Figure 3 shows the evolution process of the collective
opinions over time, where x(t) is the average value of the
collective opinions at each time t, and this is a tendency. *e
simulation results indicate there is an obvious natural re-
versal phenomenon. Due to the large proportion of sup-
porters in the initial stage, the average value of this group’s
opinions is about 0.4, which represents a supporting ten-
dency. However, the collective opinions start to reverse and
finally reach the stable state with 0 after it continued to
increase to 0.7. Accordingly, it can be observed that there is
the process of natural reversal dynamics from the individual
level and macrolevel. Essentially, as expected, opinion
natural reversal involves minor individuals persuading the
majority to change opinions in this case. Moreover, in this
process, the evolution of an individual opinion is the
comprehensive result of interaction with neighbors and
natural update according to individual factors themselves.

*e second case is that the parameter α(t) is introduced
for the agents of supporters only, and this means the
opinions of individuals with supportive attitude will be
impacted by the interactions with others, as well as the
internal factors themselves, while the opinions of other two
kinds of participants are just updated according to infor-
mation interactions with adjacent nodes. *e simulation
results are shown in Figures 4 and 5.

Similar to Figure 2, the values of supporters’ opinions also
rise to the peak firstly and then go down to a convergent state.
Since the parameter α(t) was not introduced for the opponents
and neutrals, a small number of individuals in the social
network who are not connected to other nodes will maintain
the same opinion values. As can be seen from Figure 4, as
expected, this parameter α did indeed have a significant impact
on opinion reversal for the supporters and some opponents.

Compared with the results in Figure 5, the tendency of
this new experiment for average collective opinions to change
with the time is similar to that in Figure 3. As the evolution
time increases, the group opinion values increase first and
then decrease and eventually reaches the steady state of the
system. However, the difference is that the maximum of
average opinion value in the system is about 0.55 in Figure 5
and smaller than 0.72 in Figure 3. *e possible reason is that
when the natural reversal parameter is only introduced for the

Table 1: *e opinion leaders identified based on three indexes of
centrality.

No. of nodes Degree Closeness Betweenness
1 5 5 5
2 3 3 3
3 1 2 1
4 2 1 2
5 20 20 20
6 10 4 10
7 6 6 6
8 12 10 12
9 25 12 15
10 15 9 9
11 11 11 11
12 14 15 25
13 4 37 14
14 9 8 4
15 42 14 19
16 19 19 22
17 110 63 42
18 22 32 110
19 55 27 136
20 51 22 32
21 136 26 55
22 60 7 41
23 47 68 39
24 38 39 51
25 32 42 26
26 26 16 37
27 114 25 60
28 103 17 103
29 41 136 17
30 39 34 38
Note.No. of nodes refer to the rank in which the centrality is identified from
the highest to lowest based on the three kinds of centrality. For example, 1
means the node with the highest centrality, and numbers represent different
nodes, such as 5 is node 5.

Table 2: Default simulation parameters.
Parameter Value
Neighbor type (network topology) Scale-free network
Total population size n� 1000
*e proportion of the supporters Ps � 80%
*e proportion of the opponents Po � 15%
*e proportion of the neutrals Pn � 5%
*e influence weight of opinion leaders θ� 0.8
*e influence weight of ordinary groups 1− θ� 0.2
Identification method of opinion leader Degree centrality
*e rate of opinion leader Rm � 2%
Confidence threshold of ordinary agent εi � 0.25
Confidence threshold of opinion leader ηi � 1
Reversal impact exponents μ� 4
Evolution rate β� 3
Opinion decay time c � 10
Maximum simulation steps t� 100
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supporters, it can found that the opponents’ opinions are
negative and are greatly different from those of their
neighbors, as well as in a state of constant or misconvergence
for a long time, as shown in Figure 4, and this is bound to
reduce the average opinion value at each time t in the system.
*is observation evidences the role and effectiveness of
natural reversal parameter α(t) in public opinion and posts
that α(t) can influence the speed of opinion reversal or sta-
bility. Moreover, in the long run, the opinion natural reversal
in the system is affected by its own attenuation situation.

Next, in effort to fully elucidate the influence of own
attenuation condition, we compare the reversal times with
different values about opinion decay time (c) for the average
collective opinions of a social system since c is an deter-
minant of the natural reversal parameter α(t). For the sake of
simplicity, we change the value of c from 10 to 25, and the
results are shown in Figures 6 and 7.
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Regardless of the parameter values about the opinion
decay time c, there are similar conclusions for the opinion
natural reversal both at the individual and collective levels.
However, it is found that its time when the average view-
point of the system reaches the peak in Figure 7 is obviously
lagged behind than that in Figure 5. *ese indicate that
varying influences of different opinion decay time points
produced different processes of reversal, which further
confirm that the setting of this parameter c in α(t) accords
with actual situation.

To sum up, we focus on analyzing the impacts of the
natural reversal parameter α(t) and opinion decay time c on
the evolution of public opinion. When considering the
natural reversal parameter α(t) in both cases above, one can
always see that there is indeed an identifiable probability of
public opinion natural reversal in a stable state at the end.
*is further indicates that individual opinions in the social
system are impacted by two major aspects to some degree:
on the one hand, information interaction or emotional
contagion between neighboring nodes may provide indi-
viduals with some external pressures or social influences to
change their opinions; on the other hand, increasing cog-
nitive levels toward an event may make an individual more
prone to identify and justify through his/her own knowledge
and experiences, which inherently and significantly affects
the individual attitude and thus naturally force to alter his/
her opinions. Besides, regardless of the parameter values
about the opinion decay time c, the trends of natural reversal
for the average collective opinions basically remain the same,
while the time reaching the peak is different. *us, it also
suggests that natural reversal parameter α(t) is not a fixed
value and will change with some specific parameters, such as
c.*erefore, we can safely conclude that the proposedmodel
in Section 2 can well simulate and reveal the natural reversal
phenomenon and its dynamic process.

4. Sensitivity Analysis

In general, individuals do not merely passively interact while
exchanging information with others but are constantly

influenced by the tendency of group opinion, network
structure, and opinion leader. *e question is how do we
prove these? *us, the following will conduct the sensitivity
analysis with a serial of simulation experiments through the
adjustments of corresponding parameters.

4.1. Impact of Proportion of Group Opinions’ Tendency on
Natural Reversal of PublicOpinion. As mentioned above, the
group opinions’ tendency can be divided into three types,
including support, opposition, and neutrality. However,
considering that the proportion of neutral participants (Pn)
is relatively stable, the default 0.05 was still employed in the
proposed model. In addition, their opinions to an event
cannot attenuate naturally during a period of time as they do
not concern it. *is indicates that their opinions will be
updated with the interaction between agents, rather than the
natural reversal parameter (the same is for the analyses
below). *us, in order to study the impact of proportion of
group opinions’ tendency on public opinion natural reversal
in a social system, we set the rate of individuals with a
positive attitude tendency to values of Ps ∈ [0.5, 0.6, 0.7, 0.8,
0.9] because the majority is over 0.5 in most public opinion
models [1], and the other default parameters are shown in
Table 2.

Figure 8 presents the simulation results for the opinion
evolution in the social system with different values of pa-
rameter Ps. As the value of Ps increases from 0.5 to 0.9, the
number of individuals with a higher attitude value increases
during evolution. However, a similar public opinion that
tended toward reversal in the social system can be observed
from the microindividual level, and their steady states always
reach consensus, which is consistent with the results in
Section 3. *is indicates that varying influences of different
proportions of group opinions’ tendency did not produce
obviously different reversal processes of individuals’ atti-
tudes. However, the convergence state of individuals initially
with opposed attitude was different from the other two
groups. Participants with negative opinions can interact with
supporters freely; thus, in our simulations, they presented
two conditions: one part of individuals insist on their initial
attitudes and remain unchanged; another part changed their
opinion completely influenced by surrounding individuals
especially with positive attitude. Many real-world examples
support this observation, such as the evolution of public
opinion regarding PX event in China [46].

Figure 9 depicts the simulation results for average col-
lective opinion with different proportion parameters (Ps)
and evolutionary time (t). As observed, the larger the
proportion of supporters (Ps), the higher the corresponding
average collective opinions at each time t. Meanwhile, the
increase in Psmakes the views more convergent consistently.
By contrast, when Ps= 0.8 and 0.9, the reversal of opinions is
evident, while opinion did not reverse and the average at-
titude of the system continuously decay to the steady state
when Ps= 0.5, and this is because individuals with negative
opinions are difficult to persuade the members with positive
opinions to change their original opinions if the portions of
these two populations are relatively close.
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Figure 7: Evolution of average collective opinions (III).
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As analyzed above, we can conclude that there is a
threshold for the proportion parameter (Ps) during the
opinion natural reversal. In general, only when Ps is greater

than the critical value (in our case about 0.5), group opinions
will represent a natural reversal phenomenon. To some
degree, this finding is fundamentally consistent with the
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Figure 8: Impact of the proportion of group opinions’ tendency on individual opinion reversal: (a) Ps � 50%, Po � 45%, and Pn � 5%;
(b) Ps � 60%, Po � 35%, and Pn � 5%; (c) Ps � 70%, Po � 25%, and Pn � 5%; (d) Ps � 80%, Po � 15%, and Pn � 5%; (e) Ps � 90%, Po � 5%, and Pn �
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results in the field of organizational communication re-
searchers who argued that that when an opinion is held by
more than 50% of the sampled individuals [47], it can be
regarded as a mainstream idea and significantly affects and
thus alters the individual opinions of others. Additionally, it
is worth noting that although varying influences of different
rates of supporters or opponents did not affect the opinion
natural reversal of individuals holding supportive attitude
from the microperspective, parameter values can impact the
reversal process of the group from the macroperspective. As
the public reacts to a certain incident, imbalanced diffusion
of information, the presence of cognitive bias of individuals,
and varying effects of different interaction intensities caused
the different reversal results for the individuals and the
groups. *us, if the minority intends to reverse the public
opinion, a high change ratio of opponents may leave them
unable to do so.

4.2. Impact of Network Topology onNatural Reversal of Public
Opinion. To observe the influence of neighbor type on
opinion natural reversal, the default parameters shown in
Table 2 are applied to the proposed model to test in three
different topologies, and the simulation results are presented
in Figures 10 and 11.

It can be seen from Figure 10 that the influence of scale-
free network on individual’s opinion diffusion is similar to
that of small-world network, while the difference is very
clear under the random network topology. In the random
network, as the time of evolution increases, the steady state
of the social system always moves toward polarization and
convergence, respectively, indicating the random network
does indeed play a significant role in opinion natural re-
versal. *is conclusion is basically consistent with the
previous studies. *e remaining difference is mainly due to
the fact that the proposed model with random network
topology takes into account the relatively sufficient

interactions among the individuals, and the opinions can be
effectively diffused. It is believed that this is one of the
reasons why most traditional models of opinion dynamics
are built on the basis of random network.

Figure 11 depicts the impact of network topology on
average collective opinion. Although the value of average
collective opinion in a random network at time t is larger
than that of the other two network topological structures,
their curve shapes are basically similar, indicating that the
network topology fails to play essential influence on the
average opinions of the groups. However, by contrast, the
opinion’s diffusion in the scale-free network is the least
sufficient due to few connections between nodes in this
topology.

Next, in order to verify the effectiveness of network
structure on opinion reversal, we compare the average
collective opinions with different proportions of group
opinions’ tendency for the three network topologies of a
social system. Four scenarios of initial groups with different
proportions were selected for comparison.

Figure 12 shows the same situation or rule when sim-
ulation scenario was divided: the average attitude in a
random network is still the highest, while that in a scale-free
network is the lowest. Meanwhile, the higher the proportion
of supporters, the higher the average level of collective at-
titudes. Additionally, as the proportion of supporters (Ps)
increases from 0.5 to 0.9, the opinions in the social system
reverse more significantly for the three network topologies.
Besides, according to the trends in Figure 12(d), we can infer
that public opinion might not reverse if Ps< 50% under the
scale-free network, which is consistent with the result in
Section 4.1.

4.3. Impact of Opinion Leader on Natural Reversal of Public
Opinion. As mentioned in Section 3.2, it can be found that
the nodes of opinion leaders determined by three types of
centrality are the same basically, but there are some dif-
ferences in the order of identification. *erefore, to explore
the effect of opinion leader on natural reversal of public
opinion, we firstly analyze the influence of three identifi-
cation approaches on the opinion reversal. In our study, we
simulated successively based on degree centrality (namely
centrality), closeness centrality, and betweenness centrality,
and the other parameters still used the default values. *e
results are shown in Figures 13 and 14.

On the whole, the results in Figure 13 show that the
reversal trend and evolutionary process of individual
opinions based on three centralities are similar, it is mainly
because there is little difference in the opinion leaders de-
termined by these three methods, and the proportion of 2%
may be too small to have a significant effect.

However, it can be seen from Figure 14 that although
there is little difference in the identification of opinion leaders,
the average value of collective opinions based on the degree
centrality is the highest at each time t. *is indicates that the
identification order of opinion leaders could determine the
degree of opinion’s interaction. In general, the node con-
nected with more neighbors can directly control attitude
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interaction and sufficiently spread, and thus, the opinion
leaders identified with the approach of degree centrality will
play an important role in the viewpoint diffusion.

Furthermore, we compared opinion evolutions for four
initial conditions with different proportions of supporters.
Although the ratios of three groups are diverse, as shown in
Figure 15, public opinions in a social system always reverse
naturally under the three kinds of centralities. However, as
the proportion of supporters (Ps) increases, all the average
values of attitude increase in three identification methods of
opinion leader. Accordingly, it can conclude that initial
attitude tendency of the group fails to obviously change the
effect of these three identification methods of opinion
leaders on opinion natural reversal. Besides, according to the
trends in Figure 15(d), it is possible that public opinion
might not reverse when Ps decreases to smaller than 0.5. As a
result, both identification of opinion leader and initial at-
titude tendency of the group can play important roles in the
opinion natural reversal.

Secondly, even if the neighboring node j is an opinion
leader determined by the three approaches, its impact on the
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Figure 10: Impact of network topology on individual opinion reversal: (a) scale-free network; (b) small-world network; (c) random
network.
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evolution of individual opinion may be different due to his/
her different influence powers. To unfold this impact, pa-
rameter θ is employed to measure the influence power of
opinion leader in our proposed model. Due to the con-
sideration of simplicity, we set influence power parameter
θ� 0, 0.2, 0.4, 0.6, 0.8, and 1.0 to represent individuals af-
fecting varying degrees by their influence powers of opinion
leaders. *e results are shown in Figure 16.

Figure 16 depicts that the smaller the influence power of
an opinion leader, the smaller the amplitude of individual
opinions at the same time t, which means the amplitude of
individual opinions would shift with the influence weight θ.
However, we also found that when θ is relatively small, the
values of individual attitudes will be more likely to reach a
larger level at the early stage. *is indicates that when the

influence of an opinion leader is insufficient, individuals are
much easier to determine their opinions’ tendency at the
time t+ 1 and to achieve the consensus. As far as we know,
the influence power of opinion leader is dependent on one’s
authority, credibility, and some other related aspects, so an
opinion leader is difficult to exert effective influence on the
opinion followers if the influence power is too small or in a
society with low trust.

Figure 17 denotes the curves of average collective
opinions based on different influence weights of opinion
leader. When θ is not high (e.g., θ � 0 denotes there is no
opinion leader), despite the opinions x(t) decay over time,
there is a greater possibility that opinion natural reversal will
not occur. Correspondingly, when it comes to the joint
influences of opinion leaders and ordinary agents (e.g.,
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Figure 12: Evolution of average collective opinions under three topologies: (a) Ps � 90%, Po � 5%, and Pn � 5%; (b) Ps � 80%, Po � 15%, and
Pn � 5%; (c) Ps � 70%, Po � 25%, and Pn � 5%; (d) Ps � 50%, Po � 45%, and Pn � 5%.
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Figure 13: Impact of centrality approach on individual opinion reversal: (a) centrality; (b) closeness centrality; (c) betweenness centrality.
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0< θ< 1.0), the results show that the average value of group
attitudes does not increase as θ increase, while it is the
highest when θ is about 0.5. However, the influence of
opinion leader’s attitude is only taken into account (e.g.,
θ� 1.0), and the average value of the collective opinions will
be not the highest instead. *is is because although the
diffusion of attitudes is significantly affected by the opinion
leaders, any one individual agent interacts with a large
number of common agents who account for the vast ma-
jority in the population size, while the opinion leaders are

just the minor group. *erefore, the impact of the influence
weight of opinion leaders on the group views is not a simple
positive linear relationship, but there is a peak from θ � 0 to
1. Accordingly, we can assert that our simulation results for
the impact of θ on the opinion natural reversal is reliable in a
social system.

Taken together, as discussed above, the roles of pro-
portion of group opinions’ tendency, network topology, and
opinion leader in the natural reversal of public opinion have
been proved. What is important, regardless of the types of
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Figure 15: Evolution of average collective opinions based on three centralities: (a) supporters: 90%, opponents: 5%, and neutrals: 5%; (b)
supporters: 80%, opponents: 15%, and neutrals: 5%; (c) supporters: 70%, opponents: 25%, and neutrals: 5%; (d) supporters: 50%, opponents:
45%, and neutrals: 5%.
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network topologies and identification methods of opinion
leader, we can argue that the natural reversal of public opinion
always occurs as long as the proportion of individuals with

initial supportive attitude is greater than 0.5, which is con-
sistent with the opinion reversal fact of minor individuals
persuading the majority to change opinions.
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Figure 16: Impact of the influence power of opinion leaders on individual opinion reversal: (a) θ� 0; (b) θ� 0.2; (c) θ� 0.4; (d) θ� 0.6;
(e) θ� 0.8; (f ) θ� 1.0.
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5. Conclusion and Discussion

In this study, the influence of natural reversal parameter and
opinion leaders was considered in the context of opinion
dynamics, and a public opinion evolution model based on
the HK model was proposed and simulated. Some illumi-
nating findings are summarized as following:

(1) Natural reversal parameter α(t) plays an important
role in the dynamic evolution of opinion, which
indicates that individuals involved in the evolution of
public opinion not only vary their attitudes based on
the opinions of their different kinds of neighbors by
utilizing an influence weight (e.g., external peer
influence) but also refer to their own factors to
change naturally with no interactions (e.g., internal
experience judgment). In addition, the natural re-
versal parameter α(t) is not a fixed value, but a
monotone increasing function determined by spe-
cific factors. *erefore, compared to the classical HK
model, the simulation results revealed that our novel
model is much closer to the actual situation on
virtual Internet world and can give a more accurate
and reasonable description for the process of opinion
reversal through online interactions.

(2) In the reversal process of public opinion, both the
network topology and opinion leader obviously exert
important roles. Specifically, to the individual spe-
cific level, the effects of three topologies on the fusion
of individual opinions are clearly different. However,
these impacts of network structure are not affected
by the initial distribution of collective opinion, which
indicates that we cannot ignore the importance of
natural interactions between the individuals and
their neighbors. As well, on the one hand, it can be
found that identification methods of opinion leaders

based on three types of centralities have similar
influences on the evolution process of individual
opinions since the opinion leader nodes determined
by these methods are basically similar, but the values
of group views based on degree centrality is the
highest at the same time t. *is manifests that the
opinion leader is central in online public opinion. On
the other hand, only when influence power pa-
rameter (θ) of an opinion leader is bigger than a
certain value and will opinion natural reversal occur.
However, due to the minority of opinion leaders, a
large number of ordinary groups will also impact the
adoption of individual views, which is consistent
with participant’s “the herd effect” in reality.
*erefore, the influence power parameter (θ) of an
opinion leader is not always positively correlated
with the change in group views.

(3) In the evolution of public opinion, the proportion of
supporters (Ps> 0.5) is larger, and the average col-
lective opinions become higher, which further makes
the views more convergent consistently. *us, the
effect of the proportion of group opinions’ tendency
can speed up the integration of public opinion, as
well the trend of natural reversal of group opinions
from the macrolevel. *is is because when there are
the majority of individuals holding supportive atti-
tude, they will play a significant assimilation or
contagion role for the agent, which further enhances
the fusion of group opinions and more likely retains
the consensus opinions in the system. Besides, this
finding is also observed under the different network
topologies and identifying methods of opinion
leader, which further confirms the robust of our
model.

We can conclude that our proposed model is an effective
extension of the HK model. *e prior dynamics model
considers the nonlinear feature of public opinion evolution,
but it mainly explains the evolution mechanism of the in-
teraction between individuals. However, the evolution of
public opinion in the real society is extremely complex, and
citizens have more and more ways to obtain and generate
information. *us, when an individual updates his/her
opinion, it is no longer only influenced externally by the
other individuals but also relies on the natural drive of their
own internal cognition. We assert that there is some novelty
regarding the natural reversal parameter in our proposed
model. Besides, the simulations in this study have examined
the relationship between natural reversal of group views and
dynamic change in individual opinions, which can con-
tribute to shedding new insights for understanding opinion
dynamics more comprehensively. However, admittedly,
there are also some limitations. For instance, to simplify the
study, the default values of some parameters in our simu-
lations were chosen according to the related works, and
more practical cases are needed to test this model in the
future. Additionally, the natural reversal parameter is crucial
to the opinion evolution, but the limited factors including
the time, influence index, evolution rate, and decay time
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Figure 17: Evolution of average collective opinions based on
different influence powers of opinion leader.
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were taken into account when it was designed; in the future,
some qualitative or quantitative methods can be applied to
comprehensively explore the determinants of this parame-
ter, which in turn can more accurately explain the issue of
opinion natural reversal process.
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