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Abstract: With the rapid development of the Internet, the speed with which information can be
updated and propagated has accelerated, resulting in wide variations in public opinion. Usually,
after the occurrence of some newsworthy event, discussion topics are generated in networks that
influence the formation of initial public opinion. After a period of propagation, some of these topics
are further derived into new subtopics, which intertwine with the initial public opinion to form
a multidimensional public opinion. This paper is concerned with the formation process of multi-
dimensional public opinion in the context of derived topics. Firstly, the initial public opinion variation
mechanism is introduced to reveal the formation process of derived subtopics, then Brownian motion
is used to determine the subtopic propagation parameters and their propagation is studied based on
complex network dynamics according to the principle of evolution. The formula of basic reproductive
number is introduced to determine whether derived subtopics can form derived public opinion,
thereby revealing the whole process of multi-dimensional public opinion formation. Secondly,
through simulation experiments, the influences of various factors, such as the degree of information
alienation, environmental forces, topic correlation coefficients, the amount of information contained
in subtopics, and network topology on the formation of multi-dimensional public opinion are studied.
The simulation results show that: (1) Environmental forces and the amount of information contained
in subtopics are key factors affecting the formation of multi-dimensional public opinion. Among
them, environmental forces have a greater impact on the number of subtopics, and the amount of
information contained in subtopics determines whether the subtopic can be the key factor that forms
the derived public opinion. (2) Only when the degree of information alienation reaches a certain
level, will derived subtopics emerge. At the same time, the degree of information alienation has a
greater impact on the number of derived subtopics, but it has a small impact on the dimensions of the
final public opinion. (3) The network topology does not have much impact on the number of derived
subtopics but has a greater impact on the number of individuals participating in the discussion of
subtopics. The multidimensional public opinion dimension formed by the network topology with a
high aggregation coefficient and small average path length is higher. Finally, a practical case verifies
the rationality and effectiveness of the model proposed in this paper.

Keywords: multi-dimensional public opinion; topic derivation; complex network dynamics model;
online comments; hot events
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1. Introduction

In the era of big data, massive amounts of information are generated on social plat-
forms. Each netizen can make comments on a hot topic based on the information the
individual has obtained. When the topic is sufficiently popular, an initial public opinion
will form about the event in question. At the same time, with the further disclosure of
information, related derived subtopics may be generated and more netizens may join the
discussion. Along with the evolution of initial public opinion and the influence of various
external factors, some derived subtopics will form a second stage of public opinion [1].
This new derived public opinion and the initial public opinion are intertwined to form
a multi-dimensional public opinion. In real life, with the evolution of emergency events
and the change of related information, more initial public opinion will generate derived
public opinion. Taking the topic “The COVID-19 incident at the end of 2019”, for instance,
the online opinion derived from “Wuhan epidemic” to other derived topics, such as “Con-
spiracy theory of the epidemic origin”, “Li Wenliang, the first man who discovered the
epidemic”, and “U.S. congressmen concealed the epidemic”. The discussions that form this
multi-dimensional public opinion make people nervous and scary and this has a significant
impact on social harmony and stability. Based on this, analyzing the formation mechanism
of derived public opinion, as well as the formation process of multi-dimensional public
opinion, has important theoretical and practical significance for studying public opinion.

At present, there is relatively little research into the formation process of multi-
dimensional public opinion in the context of topic derivation. The main research methods
are qualitative analysis and quantitative modeling [2]. In terms of qualitative analysis,
scholars mostly use specific cases to discuss the definition, potential harm, and common
characteristics of network-derived public opinion. In terms of quantitative modeling,
researchers try to discover the rules of public opinion derivation by establishing models to
better study its evolution so as to effectively prevent possible public opinion crises. Among
them, the SIR infectious disease model is often used to analyze network derivation effects.
However, currently, only a single-dimensional initial public opinion is analyzed, and multi-
dimensional public opinion is rarely considered. In fact, under the influences of multiple
information, initial public opinion often derives public opinion in multiple dimensions.
Based on this, after the initial topic is discussed and the initial public opinion is formed,
this paper first introduces the initial public opinion derivation mechanism to reveal the
formation process of derived subtopics, and then analyzes its evolution law based on the
SIR disease model and maps the propagation process of multiple subtopics into multiple
layers. Basic reproduction number is introduced to determine whether derived subtopics
can form derived public opinion, thereby revealing the entire process of multi-dimensional
public opinion formation.

The structure of this paper is organized as follows: Section 2 is literature review;
Section 3 builds a model for the formation of multi-dimensional public opinion in a topic-
derived context; Section 4 uses simulation experiments to analyze the influences of some
of the main factors on the formation of multi-dimensional public opinion; Section 5 uses
actual cases to verify the model proposed in this paper; Section 6 contains the conclusions
of the study and considers the prospects for future work.

2. Literature Review

This paper defines multi-dimensional public opinion as public opinion formed by
combining initial public opinion and derived public opinion. When single or multiple
derived public opinions are generated, they together go to constitute multi-dimensional
public opinion. Derived public opinion is the basis of multi-dimensional public opinion
and the main subject of current research. Therefore, the discussion in this paper mainly
focuses on the formation of derived public opinion. At present, many scholars have
conducted research on the formation of derived public opinion, which mainly includes
two aspects: one is the study of the propagation and evolutionary mechanism of derived
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public opinion; the other is the study of the reasons for the formation of derived public
opinion and countermeasures to it.

At present, the research on the propagation and evolutionary mechanism of derived
public opinion is mostly based on infectious disease model, but the focus is on specific
public opinion topics, such as the research on rumors and fake news events. The rep-
resentative literatures are as follows: Lan et al. [3] set up a mathematic model of the
derivative effect of network public opinion based on a logistic model from the viewpoint of
information alienation. Zhang and Feng [4] put forward a two-layer coupled SEIR public
opinion propagation model for derived topics that applied when news was circulated.
Korobeinikov [5] studied global properties of SIR and SEIR epidemic models with multi-
ple parallel infectious stages and verified that these systems possessed the only globally
stable equilibrium state. Arenas et al. [6] adopted a Microscopic Markov Chain Approach
(MMCA) meta population mobility model to study the cases of COVID-19. Estrada [7]
modeled the Singapore COVID-19 pandemic with an SEIR multiplex network model. Yang
et al. [8] proposed a competitive diffusion model, namely, the Linear Threshold model with
One Direction state Transition (LT1DT), in order to explore the problem of minimizing
the spread of rumor in social networks. Zanette and Damian [9] explored the dynamics
of an epidemic-like model for the spread of a rumor on a small-world network. Moreno
et al. [10] deduced the mean-field equations used to describe the dynamics of a rumor
process occurring on top of complex heterogeneous networks. Zhou et al. [11] considered
the influence of network topological structure and the unequal footings of neighbors of
an infected node in propagating the rumor and found that the number of final infected
nodes depended on the topology of the network. Tan et al. [12] organically combined the
analytic hierarchy process and wavelet neural network to develop an effective and feasi-
ble network public opinion monitoring system, and analyzed the Theater High Altitude
Area Defense (THAAD) incident as a case, verifying that the system had good evaluation
performance and estimation accuracy. You et al. [13] proposed a social network-oriented
public opinion monitoring platform based on ElasticSearch (SNES), and proved with a
large body of empirical evidence that the platform could well adapt to social networks with
high real-time data and good performance in public opinion monitoring. Chen et al. [14]
proposed a monitoring and identification method for high-risk users of enterprise public
opinion combined with user portrait technology and a random forest algorithm. The
proposed scheme helped enterprises identify high-risk users with inadequate experience
who may trigger negative public opinion. Wang et al. [15] proposed an improved energy
model to characterize the propagation of rumors on social networks quantitatively and
used experiments to evaluate the influences of model parameters, network structures, and
effective linkage rates. Askarizadeh et al. [16] presented an evolutionary game model
to analyze the rumor process in social networks and the analysis results showed that
propagation of convincing anti-rumor messages and the location of rumor control centers
had an important effect on debunking rumors. Although the aforementioned literature
presents a propagation model of derived public opinion, it mostly uses topic derivation
rate parameters to quantify the topic derivation process, and only explores the influence
of the change of topic derivation rates on initial public opinion along a single dimension
and does not consider multi-dimensional public opinion situations with the combination
of derived public opinion and initial public opinion.

Some scholars have conducted research on the reasons for opinion formation and
the response strategies of derived public opinion, and the representative literatures are as
follows: From the viewpoint of spreading factors, Zhang [17] studied causes of network
public opinion derivation triggered by public emergencies and concluded that the govern-
ment, the media, and the public were important factors in the formation of derived public
opinion, their different behavioral logics based on their respective interests in spreading
information being the fundamental reason for the generation of derived public opinion.
Duncan and Peter [18] found that large cascades of influence were driven not by influential
individuals but by a critical mass of easily influenced individuals. Li [19] considered
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that the fundamental reason for the formation of derived network public opinion lies in
information alienation. Snyder et al. [20] held that many large-scale phenomena, such as
rapid changes in public opinion and the outbreak of disease epidemics, could be fruitfully
modeled as cascades of activation on networks. In addition, according to the general law of
network derived public opinion, Wang and Dai [21] summed up three basic derived chain
structure types and corresponding probability algorithms, and finally listed the operational
steps of a network derived public opinion chain. Moreover, by introducing social prefer-
ence theory, Chen et al. [22] revealed the micro-interaction mechanism of public opinion
polarization and their simulation results showed that different social preferences held by
individuals had different influences on public opinion polarization effects. Although the
above-mentioned literature reveals the formation and propagation mechanisms of derived
public opinion to a certain extent, its research methods are mostly inductive, and are mostly
based on single-dimensional network public opinion development. Few scholars adopt the
perspective of multi-dimensional public opinion.

In addition, a number of scholars have conducted preliminary discussions of the
multi-dimensional public opinion evolution model. By combining social judgment theory
with the multi-agent model, Li and Xiao [23] proposed a multidimensional opinion evolu-
tion model for studying the dynamics of opinion polarization and the simulation results
demonstrated that the polarization process was affected by assimilation effect parameters
and contrast effect parameters. Parsegov et al. [24] proposed a significant extension of
the classical Friedkin–Johnsen model so as to describe the evolution of agents’ opinions
on several topics. In addition, based on the real processes by which multiple topics con-
cerning the same event were generated and disseminated, Sun and Chai [25] divided the
portraits of online learners into three dimensions and constructed a labeling system for
the portraits of learners based on the data fields of an online learning platform. Wang
et al. [26] designed a topic detection algorithm that worked on these multidimensional
public opinion networks and their simulation results demonstrated that this model could
be used to effectively characterize the communication characteristics of multiple topics on
“We the Media” networks. Although the above literature considers the multi-dimensional
characteristics of online public opinion and reveals its evolution mechanism to a certain
extent, most scholars directly discuss its nature and characteristics from the perspective of
multi-dimensional public opinion. Few scholars focus on its formation mechanisms. In the
propagation of subtopics, few scholars consider the interweaving and the mutual influence
of multi-dimensional derived public opinion and initial public opinion. This has resulted
in an incomplete understanding of the phenomena, and further research is needed.

In summary, current scholars mostly use single-dimensional online public opinion
models to conduct research. Few scholars combine derived public opinion with initial
public opinion and do not discuss the formation process of multi-dimensional public
opinion from the perspective of derived topics. In reality, after the outbreak of an initial
public opinion on a topic, multiple subtopics are often derived from the network. Some
of these subtopics form derived public opinion in the propagation process and they are
intertwined with the initial public opinion to form a more influential multi-dimensional
public opinion. Based on this, from the perspective of derived topics, the formation
mechanism of multi-dimensional public opinion can be studied more clearly. This paper
discusses the formation process of multi-dimensional public opinion in the context of
derived topics, in order to provide a reasonable guide.

3. Model Construction

The entire process of modeling multi-dimensional public opinion formation is based
on complex network dynamics. First, the complex network simulation is used to generate
the intricate relationship among netizens in the real world. In addition, the agent is used to
represent the individual nodes in the network and the network scale is set to N, meaning
it is assumed that there are N nodes in the network, which are divided into three states:
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susceptible, infective, and recovered. At the same time, the SIR model is introduced to
analyze the evolution of the three types.

Generally, for the initial topic formed by the emergent news worthy event, the percep-
tion of netizens and the propagation of events will prompt formation of an initial public
opinion on the Internet. However, as time goes by, netizens’ subjective understanding
of the initial public opinion information will gradually become biased. With the gradual
accumulation of deviations, the initial public opinion yield derivations, resulting in multi-
ple subtopics. Some derived subtopics may form derived public opinions due to intense
discussion and enthusiasm and a large amount of information. The intertwining of these
with the earlier state of public opinion forms a multi-dimensional public opinion. Based on
this, the specific research ideas of this paper are shown in Figure 1.

Figure 1. Research framework.

According to the Figure 1, this paper divides the formation process of multi-dimensional
public opinion into four stages, as follows:

Stage 1: The formation and propagation stage of initial public opinion. For the initial
topic formed by the emergent hot events, a large number of netizens participate in the
discussion and spread the topic, prompting the initial topic to form an initial public opinion.
The individual netizens participating in the initial public opinion discussion are divided
into susceptible, infected and recovered status, and the SIR model is introduced to analyze
their propagation process.

Stage 2: The generation stage of derived subtopics. As the initial public opinion
spreads and the external environment is stimulated, the probability of the initial public
opinion variation gradually increases. The variation degree P is introduced to describe the
variation degree of the initial public opinion. If the variation degree at time Ti is at a high
interval, it will generate a derived subtopic.

Stage 3: The information propagation stage of derived subtopics. After the derived
subtopic is generated, netizens accept and pay attention to this source of information.
When the individual’s attention to the derived subtopic is greater than the threshold g0
at time Ti, the individual will participate in the discussion of the sub-topic. Infection rate
and immunity rate change based on Brownian motion. The subtopic information evolves
according to the SIR model of the new propagation parameters.

Stage 4: The multi-dimensional public opinion formation stage. Although the initial
public opinion may derive multiple subtopics, not all subtopics can form public opinion.
Only when the propagation reproduction number R0 of a derived subtopic reaches a certain
threshold is it considered that the subtopic forms a derived public opinion, and the newly
emerging derived public opinion is intertwined with the initial public opinion to form a
multi-dimensional public opinion.

The parameters and variables involved in the formation of multi-dimensional public
opinion are shown in Tables 1 and 2.
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Table 1. Relevant parameters.

Parameters Description

α Infection rate

β Immunity rate

ρ Information alienation rate

δ Environmental forces

θi The topic correlation between the ith derived subtopic and the initial public opinion

σi The amount of information contained in the ith derived subtopic

PU The parameter of highly variable degree threshold

g0 The attention threshold

Table 2. Relevant variables.

Variable Description

S(t) The numberof susceptible individuals in the network at time t

I(t) The number of infective individuals in the network at time t

R(t) The number of recovered individuals in the network at time t

P The degree of variation of initial public opinion

gi Individual i’s attention to subtopics

R0 Basic reproduction number

3.1. Initial Public Opinion Propagation Model

After the initial public opinion is formed, individuals in the social network begin to
receive information and spread public opinion. The propagation process of initial public
opinion is analyzed through the SIR model. First of all, individuals in the network are
divided into three states in proportion, namely, susceptible state (S), infective state (I), and
recovered state (R). S is the class of netizens who have not received relevant public opinion
information, I that of netizens who have received public opinion information and who
actively spread it, R that of netizens who are not interested in public opinion information.
The transformation relationship of the three is shown in Figure 2.

Figure 2. State transformation.

According to the Figure 2, when the public opinion information of a hot event is
formed, susceptible individuals (S) will receive relevant information under the influence
of surrounding infected individuals and thus become infective individuals (I). Assuming
that there are r susceptible individuals among the neighbors of the infective person at this
time, the susceptible person will become infective with probability α after contact with the
infective person, while infective individuals will gradually lose interest as time goes by
and recover with probability β [27].

Suppose that S(t), I(t), and R(t), respectively, represent the number of individuals in a
susceptible state, an infective state, and a recovered state in the network at time t, and meet
the following Formula (1):

S(t) + I(t) + R(t) = N (1)
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System dynamics equations are introduced to simulate the evolution of individuals
in these three states in the network. Since dynamical equations are used only as a tool
for public opinion evolution in this paper, the simple SIR model of rumor propagation in
uniform network established by Lu [28] is used as the evolutionary model for initial public
opinion. The dynamic equations are shown in the following Formula (2):

dS(t)
dt = −k ∗ α ∗ I(t) ∗ S(t)

N ;
dI(t)

dt = k ∗ α ∗ I(t) ∗ S(t)
N − β ∗ I(t)

dR(t)
dt = β ∗ I(t).

; (2)

where k = 1
N ∗∑N

i k(i) means the average degree of all nodes in the network. After the
initial public opinion of the sudden hot event is formed, the infected node contacts with k
neighbor nodes. Among them, the neighboring node in a susceptible state becomes infective
with probability α, and at the same time the infective node recovers with probability β.

3.2. The Formation Process of Derived Subtopics

Compared with traditional media, the spread of public opinion on the Internet is
more sudden and unpredictable. After the initial public opinion of a newsworthy event
is formed, related information will be viewed, commented on, and reposted by a large
number of netizens in a relatively short period of time, its scope gradually expanding
over time. With the continuous release of initial public opinion information, the netizens’
subjective understanding of initial public opinion will gradually generate deviations.
With the gradual accumulation of these deviations, the information will be distorted in the
process of propagation and then magnified by the influence of social network environments.
In this process, the initial public opinion will change [29]. Generally speaking, the variation
of public opinion events is multi-directional, and people’s views on the same event tend
to become diversified. Therefore, after public opinion becomes variable, multiple derived
subtopics will usually be generated and the subtopics may be further derived to form
a public opinion which is consistent with the initial public opinion and constitutes a
multi-dimensional public opinion situation.

3.2.1. The Degree of Variation P

Generally, the process of public opinion variation is relatively slow, and the state of
variation gradually deepens after a long period of accumulation. The degree of public
opinion variation P is introduced to reflect the state of initial public opinion variation.
With the evolution of public opinion, P slowly increases, and when P reaches a certain
threshold, the initial public opinion will be in a highly variable state, resulting in derived
subtopics. As public opinion further develops and fades, P also decreases to a smaller value.
Generally speaking, the variation degree of public opinion is affected by many factors.
The most important, however, is the degree of information alienation in the propagation
of public opinion, along with the environmental forces of public opinion. The degree of
information alienation ρ refers to the contradiction between information produced and
consumed and is due to the influence of various factors during the formation, propagation,
and use of information, such that a subject loses the ability to handle incoming information,
losing sight of the initial accounts, and becomes enslaved to and dominated by this new
information [30]. For example, after the “Death of He Hongshen in Macao” event, due
to changes in netizens’ gossip psychology and attention perspective, the information
reflecting the event itself lost its original significance and attention was displaced on to
his family property, resulting in a series of subtopics such as “He’s Original Wife” and
“He’s Property”. Environmental force refers to the influence of the general environment,
such as the propagation of events or network communication channels on public opinion,
which is often affected by two aspects: firstly, there are the characteristics of the event itself,
such as the degree of social disputes in different events; secondly, there is the impact of
the network environment on events. δ is used to describe the strength of environmental
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forces. At present, with the prevalence of new media communication methods, information
communication channels have become more diverse, and the network environment has
played a guiding role in the opinions, attitudes and communication behaviors of netizens.
The scope of the incident may gradually expand, and it is more likely to form public opinion.
The incident has been distorted, leading to deviations from the original development trend,
and given rise to derivations.

Combining the above two factors, according to the existing literature [31], the evo-
lution process of public opinion variation is divided into a budding period, an outbreak
period, a diffusion period, and a dissipative period. The variation process of public opinion
is analyzed and the initial public opinion variation degree is described with the following
Formula (3):

P = ρ ∗ e−(
T−9

δ )
2

(3)

where T represents the evolution time of public opinion, ρ is the degree of information
alienation, δ is the environmental forces, and the degree of variation P first increases and
then decreases with the development of public opinion. Generally, a deeper degree of
information alienation means a higher degree of variation, a greater environmental force,
and a higher degree of variation.

3.2.2. The Formation of Subtopics

The initial public opinion variation degree is divided into two intervals, with PU as
the threshold. When 0 < P < PU, the degree of variation is lower; when PU < P < 1, the
degree of variation is higher. The specific process is shown in Figure 3.

Figure 3. Variation range.

According to Figure 3, when PU < P < 1 at time Ti and the degree of variation PU
exceeds the variation threshold, a derived subtopic is generated. Here, the variation
threshold PU is 0.8.

3.3. The Propagation Process of Derived Subtopics

After the derived subtopics are generated, the popularity of the initial public opin-
ion has not completely disappeared. Therefore, the information covered by the derived
subtopics and the initial public opinion information are disseminated throughout the
network at the same time. In turn, the multi-layer SIR model is used to simulate the
propagation process. It is assumed that when an individual’s attention to a subtopic is
greater than a certain threshold, individuals participate in the discussion of the subtopic at
that level. At the same time, the information propagation parameters of the new subtopics
and the number of individuals participating in the discussion have changed, so this section
defines these two parameters.

3.3.1. The Propagation Parameter of Derived Subtopics

When derived subtopics are generated, it means that a new topic begins to spread, and
whether it can form derived public opinion is closely related to its propagation parameters
and the number of individuals participating in the discussion. Consequently, Brownian
motion is introduced to allow for random disturbance to the original public opinion
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parameters, which determines the information propagation parameters of the derived
subtopics.

Definition 1 [32]. (Ω, F, P) is a probability space. If an adaptation process Bt satisfies the following
conditions in this probability space, Bt is called Brownian motion or the Wiener process. For almost
all (ω∈Ω), the sample Bt is continuous, and B0 = 0.

(1) For all real numbers s, t satisfies 0 ≤ s ≤ t, Bt−Bs and Fs are independent;
(2) When 0 ≤ s ≤ t, Bt − Bs obeys the normal distribution N(0, t − s), the normal distribution

satisfies the mean value of 0 and the variance is t − s.

Since the subtopic is closely related to the initial public opinion, its propagation
parameters are related to the initial public opinion propagation parameters. Here, the
infection rate and recovery rate parameters of the ith derived subtopic are defined by the
following Formulas (4) and (5):

αi = α0 + σi
.

Bi(t), i = 2, 3, . . . (4)

βi = β0 + σi
.

Bi(t), i = 2, 3, . . . (5)

where Bi(t) is the independent Brownian motion, α0 and β0 is the infection rate and
immunity rate of the initial public opinion, respectively, and σi > 0 (0 < σi < 1) is a constant,
which represents the amount of information of the current subtopic, that is, the intensity of
the disturbance. The greater the intensity, the greater the change in infection rate.

3.3.2. The Propagation Model of Derived Subtopics

After the derived subtopics are generated, different people will show different degrees
of attention when facing the same hot topic. This difference in attention is a manifestation of
the heterogeneous characteristics of individual [33] and it will affect whether the individual
participates in the discussion of subtopics. Individuals’ attention to derived subtopics is
often affected by two factors. The first of these is the degree of relevance between the
subtopic and the topic that formed the initial public opinion. Generally speaking, the
higher the degree of relevance between the subtopic and its correlation, the more attention
the individual pays to the subtopic. The second factor is the external influence from
the individual’s surrounding environment. If more people discuss the subtopic in the
individual’s surrounding environment, it is easier for the individual to pay attention to the
subtopic.

The topic correlation and the number of infected neighbors kinf are used to describe
the degree of individual attention to derived subtopics. Setting kinf as the number of
neighboring nodes infected around a node with degree k, then the attention degree function
of a node with degree kin the network [34] is expressed by the following Formula (6):

gi = 1− (1− θ)kin f (6)

where the topic correlation θ ∈ (0, 1). Generally speaking, when the correlation between
the subtopic and the initial topic is 0, it means that the subtopic is completely irrelevant to
the initial topic. At this time, the subtopic cannot be regarded as a derived subtopic of the
initial topic, so the individual attention is set to 0 at this time. When the relevance is 1, it
means that the subtopic is completely related to the initial topic. At this time, the relevant
content of the subtopic is equivalent to the initial topic, so the individual attention is set
to 1. In addition, a greater degree of correlation between the subtopic and the initial topic
means more individual attention given to the subtopic. The higher number of infections
in the neighboring nodes around the individual means that the individual receives more
information and consequently pays more attention to subtopics.

Since the number of infected neighbors around each individual is different and their
number will change over time, the attention of the individual is also dynamically changing,
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that is, when a derived subtopic is generated at time Ti, the individuals with high attention
to that subtopic will continue to participate in the propagation of the subtopic, while
individuals with lower attention will lose interest in the subtopic and will no longer
participate in the discussion of the subtopic, resulting in reduced topic spread. It is defined
that when gi > g0 at the time Ti, individuals in the network will participate in the discussion
of the subtopic and carry out the propagation of the subtopic. These individuals propagate
according to the SIR model with the new propagation parameters and are intertwined with
the initial public opinion to form a multi-layer SIR propagation network. The schematic
diagram of their propagation transformation is shown in Figure 4.

Figure 4. Propagation transformation of derived subtopics.

It can be seen from Figure 4 that the spread of initial public opinion corresponds to the
first-level SIR communication network. After the first derived subtopic is generated, indi-
viduals in the network choose whether to participate in the discussion of the first derived
subtopic according to their degree of attention. A second-layer SIR propagation network
emerges, and the process goes on until n subtopics are derived, when an (n + 1)-layer SIR
propagation network is formed, corresponding to the propagation process of (n + 1) topics.

3.4. The Formation of Multi-Dimensional Derived Public Opinion

Though derived subtopics have been generated and spread, not all subtopics will
form derived public opinion. Therefore, this paper introduces the basic reproduction
number from infectious disease modeling as the criterion for judging whether a given
subtopic forms public opinion. The basic reproduction number refers to the number of
people who can be infected by an infective person on average in an environment where all
people are susceptible without intervention [35], and its expression is given in the following
Formula (7) [36]:

R0 =
(

1 +
r
α

)(
1 +

r
β

)
(7)

Formula (7) is calculated by the new infection number data and transmission param-
eters at each time point, these being based on the above transmission dynamics model,
where r refers to the growth rate of the number of new infections at time Ti, and α and β
refer to the infection rate and immunity rate, respectively. In the infectious disease model,
an important critical point of R0 is R0 = 1. The larger the value of R0 is, the more difficult it
is to control the epidemic. When R0 < 1, the infectious disease will gradually disappear.
When R0 = 1, the infectious disease will become endemic. When R0 > 1, infectious diseases
will spread exponentially. According to the propagation of derived subtopics, the basic
reproduction number R0 of each derived subtopic is dynamically changing. It is defined
here that when the basic reproduction number R0 of the subtopic is larger than 1 and lasts
for a period of time, the subtopic forms a network public opinion, i.e., a dimension is added
to the initial public opinion.
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According to the above analysis, the specific simulation process of multi-dimensional
public opinion generation is shown in Figure 5.

Figure 5. Multi-dimensional public opinion generation.

It can be seen from Figure 5 that when a derived subtopic is generated, the attention
of an individual in the network to the subtopic is calculated at that moment. If it is
greater than the attention threshold, the individual participates in the discussion of the
subtopic. At the same time, the propagation parameters of the subtopic change, and the
basic regeneration number also changes accordingly. When the basic reproduction number
R0 > 1, it is considered that the subtopic forms a derived public opinion. When multiple
derived subtopics form a derived public opinion, this and the initial public opinion form a
multi-dimensional public opinion.

4. Simulation Experiments

In this section, combined with the multi-dimensional public opinion formation model
built above, we discuss the influence of the degree of information alienation, environ-
mental force, topic correlation, and the amount of information contained in subtopics on
the formation process of multi-dimensional public opinion. The degree of information
alienation and environmental force are the initial influencing factors on derived subtopics,
and the generation of derived subtopics is the basis for the formation of multi-dimensional
public opinion. Therefore, when discussing these two factors, they are divided into two
parts. The first is the influence on the number of derived subtopics and the propagation
process. The second is the impact on the dimensions of multi-dimensional public opinion.
In order to find the key factors that affect the dimensions of multi-dimensional public
opinion, the above four factors are combined and compared, and finally the influence
of different network topologies on the formation of multi-dimensional public opinion is
further simulated.

4.1. The Impact of Information Alienation on the Formation of Multi-Dimensional Public Opinion

Based on the multi-dimensional public opinion formation model established in the
previous section, initial parameters are set first. Assuming that in the initial state, only
the initial public opinion is spread in the network, and the initial degree of variation is
not 0, at this time the derived subtopic has not yet been generated. Set the initial public
opinion propagation parameters as: α = 0.17, β = 0.5. The complex network chooses
the BA (proposed by Barabasi and Albert) scale-free network [37]; the node size is set
to N = 1000. The relevant threshold is set to: PU = 0.8, g0 = 0.6. In order to facilitate
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the observation of the formation of multi-dimensional public opinion, the subtopics are
set to be derived from the variation of the initial public opinion information. At this
time, each derived subtopic presents a positive correlation with the initial public opinion.
Taking the comprehensive visualization into consideration, other parameters are set as:
δ = 9, θ~N(0.9, 0.3), σ~N(0.9, 0.3), and the evolution time is set to T = 40.

4.1.1. The Impact of Information Alienation on the Amount of Derived Subtopics and
Propagation Process

When the information of the initial public opinion is varied, the degree of variation
is higher and the degree of variation of the initial public opinion is greater. When the
degree of variation reaches the threshold, derived subtopics are generated, and the longer
the duration of the high variation state is, the more times the degree of variation reaches
the threshold and the number of subtopics also increases. Based on this, this section
will simulate and analyze the changes of variation under different information alienation
settings. The results are shown in Figures 6 and 7.

Figure 6. The changes of degree of variation under different information alienation settings.

It can be seen from Figure 6 that no matter how the degree of information alienation
changes, the degree of initial public opinion variation always follows a similar trend, that
is, as time goes by, the degree of variation will always reach a peak at the same time, and
the overall trend will increase first and then decrease. In addition, when time = 0, the
initial public opinion variation degree is between 0.2 and 0.4, indicating that the degree of
information alienation has little effect on the degree of variation at the initial moment. As
the degree of information alienation increases, the peak value of the degree of variation
gradually increases. The degree of variation at the initial moment is almost unchanged.
This shows that as the degree of information alienation increases, the degree of initial
public opinion variation will reach the threshold of variation in a shorter time, resulting
in the generation of new derived subtopics. Secondly, after the same evolution time, the
stronger the degree of information alienation, the lower the initial public opinion is and
the higher is the degree of variation. It can be seen from Figure 7 that when the degree of
information alienation is lower than 0.75, the number of derived subtopics generated is 0,
which means that only when the degree of information alienation reaches a certain value,
there will be derived subtopics, and the number of derived subtopics increases with the
deepening of the degree of information alienation.
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Figure 7. The number of derived subtopics under different information alienation settings.

In summary, the information alienation degree must reach a certain value before
derived subtopics are generated. Therefore, the information alienation degree ρ is set to 0.75,
0.85, and 0.95 respectively, and the derived subtopics generated are numbered according to
the formation time, and the first is set as 1. The influence of different information alienation
settings on the propagation process of the subtopics is analyzed by analogy.

It can be seen from Figure 8 that with the increase in the degree of information
alienation, the number of individuals discussing the derived subtopic 1 has not changed
significantly, but the number of individuals discussing the derived subtopics 2, 3, and 4
has greatly increased. At ρ = 0.95, the number of individuals discussing derived subtopics
2 and 3 is greater than that of derived subtopic 1. The reason may be that the deviation
caused by information alienation requires time to accumulate. Since the derived subtopic 1
is generated earlier and has a higher degree of overlap with the initial public opinion
information, even if the degree of information alienation increases, the influence on the
derived subtopic 1 will be small. At the same time, it shows that when the degree of
information alienation is not high, most individuals tend to pay attention to the earliest
derived subtopics and participate in the spread of subtopics. When the degree of informa-
tion alienation is high, the number of derived subtopics generated is also large enough.
The derived subtopic with the highest individual participation may not be the one that
broke out first. In addition, it can be seen from Figure 8 that as the degree of information
alienation increases, the number of derived subtopics further increases.

Figure 8. The number of agents participating in subtopic communication under different information alienation. (a) ρ = 0.75.
(b) ρ = 0.85. (c) ρ = 0.95.
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It can be seen from Figure 9 that the blue, red, and green lines represent the number
of agents who are susceptible, infective, and recovered, respectively. Comparing the curve
of the number of susceptible persons and the number of infective persons with respect to
the initial public opinion and the subtopics in Figure 9, it can be seen that although the
initial number of susceptible agents discussing subtopics is less than the number of those
discussing the initial topics, the number of infective agents discussing some subtopics is
the same as that discussing the initial topics. This indicates that the popularity is the same
as the initial public opinion. With the deepening of information alienation, the number of
such subtopics further increases.

Figure 9. Evolution of initial public opinion and subtopics under different information alienation settings. (a) ρ = 0.75.
(b) ρ = 0.85. (c) ρ = 0.95.

4.1.2. The Impact of Information Alienation on the Degree of Multi-Dimensional Public
Opinion

The different degree of information alienation affects the time for the generation
of subtopics, the number of subtopics and the number of individuals participating in
the discussion of the subtopics, which will affect the formation of subsequent multi-
dimensional public opinions. Based on this, this section simulates the formation process of
multi-dimensional public opinion under different degrees of information alienation and
the results are shown in Figures 10 and 11.

Figure 10. Changes of subtopics’ R0 values under different information alienation settings. (a) ρ = 0.75. (b) ρ = 0.85.
(c) ρ = 0.95.
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Figure 11. Changes of the number of topics under different information alienation settings. (a) ρ = 0.75. (b) ρ = 0.85.
(c) ρ = 0.95.

It can be seen from Figure 10 that the changes in the basic reproduction numbers of
each derived subtopic under different information alienation settings shows two trends:
one is a short-term decline in the initial stage, then a rise to a peak, and finally a decline
and stabilization at 0; the other is a gradual or slow decrease and final stabilization at
zero. This shows that after the emergence of subtopics, there has not yet been a large-
scale discussion in the initial stage, so the basic reproduction number declines. With the
increase of netizens’ participation in discussions, some subtopics may become hot topics
due to the large amount of information or the influence of factors such as the network
environment. Therefore, the basic reproduction number rapidly increases. At the same
time, some subtopics may disappear as the initial basic reproduction number declines. In
addition, with the increase of the degree of information alienation, the explosive growth of
the basic reproduction number of the first derived subtopic becomes weaker and weaker.
This shows that when the degree of information alienation is high, the earliest derived
subtopics may not necessarily become explosive hot topics, but the derived subtopics
generated in the middle and later stages are more likely to become hot topics.

In addition, it can be seen from Figure 11 that the number of topics are all 1 in the
initial state. From time = 5, derived subtopics are successively generated, and the number
of topics also rapidly increases. With further propagation, some subtopics disappeared,
and the number of topics also gradually decreases. In the end, some derived subtopics
form derived public opinion, and the dimensions of multi-dimensional public opinion
also stabilize at a certain value. Comparing Figure 10a–c, it can be seen that as the degree
of information alienation increases, the number of topics starts to rise earlier, and as the
number of subtopics increases, the peak of the number of topics rises from six to ten. The
increase is large, but the final dimensions of the stable state has changed slightly, rising
from two to four, which shows that the degree of information alienation has an impact on
the number of derived subtopics, but it has a greater impact on the final public opinion
dimension. The degree of influence is relatively small.

4.2. The Impact of Environmental Forces on the Formation of Multi-Dimensional Public Opinion

Environmental force δ refers to the influence of the spread of events or network
communication channels on public opinion. Different social hot events receive different
environmental forces, and the degree of information variation will be different. The number
of derived subtopics generated, along with the formation process of multi-dimensional
public opinion, will change accordingly, so the formation process of multi-dimensional
public opinion under different environmental forces is analyzed. In order to describe the
impact of different environmental forces on social hot events, set δ = 3, δ = 5, δ = 7, δ = 9,
and the other parameters as: α = 0.17, β = 0.5, R = 0.9, PU = 0.7, g0 = 0.6, ρ = 0.85, T = 40.
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4.2.1. The Impact of Environmental Forces on the Number of Derived Subtopics and the
Propagation Process

Generally speaking, the greater the environmental impact of the initial public opinion,
the higher the degree of variability, and the number of derived subtopics will increase
accordingly. Based on this, the generation process of derived subtopics under different
environmental forces is analyzed and the specific results are shown in Figures 12–15.

Figure 12. Changes of degree of variation under different information alienation settings.

Figure 13. The number of derived subtopics under different information alienation settings.

Figure 14. The number of agents participating in subtopic communication under different environ-
mental forces. (a) δ = 3. (b) δ = 5. (c) δ = 7. (d) δ = 9.
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Figure 15. Evolution of initial public opinion and subtopics under different environmental forces.
(a) δ = 3. (b) δ = 5. (c) δ = 7. (d) δ = 9.

It can be seen from Figure 12 that when the environmental force changes, the variation
at the initial moment gradually increases but the peak value of the variation is basically
the same; and when the environmental force is very small, the variation can still reach
the threshold at a certain moment. Environmental forces have great impact on the initial
degree of variation of social hot events, but little impact on the degree of variation in the
evolution of initial public opinion. It can be seen from Figure 13 that as the environmental
force increases, the number of derived subtopics increases. Even if the environmental
force is only 1, there are still derived subtopics. However, when the value reaches a
certain level, the number of derived subtopics reaches a stable level. In addition, it can
be seen from Figure 14 that with the increase of environmental forces, the number of
individuals discussing derived subtopics does not change significantly, and, the earlier
derived subtopics are generated, the more individuals participate in the discussion. With
the increase of environmental forces, the number of individuals participating in each
derived subtopic increases. In addition, it can be seen from Figure 15 that when the
environmental force expands from 1 to 3, the number of susceptible agents participating in
the communication of the subtopic increases significantly.

However, when the environmental force continues to increase, the numbers of sus-
ceptible and infective people do not change significantly. This indicates that when the
environmental force reaches a certain value, its influence on the spread of subtopics is
small.

4.2.2. The Impact of Environmental Forces on the Dimensions of Multi-Dimensional
Public Opinion

Different environmental forces change the time point, the number of subtopics, and
the number of agents participating in the discussion of the subtopics, which further affect
the subsequent formation of derived public opinion. Based on this, the basic reproduc-
tion number R0 and the multidimensional public opinion dimensions of the subtopics
under different environmental forces are simulated here and the results are shown in
Figures 16 and 17.



Axioms 2021, 10, 270 18 of 32

Figure 16. The change of R0 under different environmental forces. (a) δ = 3. (b) δ = 5. (c) δ = 7.
(d) δ = 9.

Figure 17. The change of the number of subtopics under different environmental forces. (a) δ = 3.
(b) δ = 5. (c) δ = 7. (d) δ = 9.

It can be seen from Figure 16a–d that with the increase of environmental forces, the
evolution trend of the basic regeneration number curve corresponding to derived subtopic 1
hardly changes, while the basic regeneration number of the second subtopic changes from
the continuous decrease to growth, and the peak of R0 reaches 6. However, due to the
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increasing environmental force, the peak of the second derived topic is 3. This shows
that the environmental force has a relatively small impact on the first derived subtopic,
and it has a greater impact on the second and third derived subtopics, and the basic
regeneration number of the second subtopic increases with the increase in environmental
force. However, when the environmental force increases to a certain level, the increase in
the basic regeneration rate begins to slow down. From Figure 17, it can be seen that when
the environmental force is 3, although three derived subtopics are generated, the final
public opinion dimension is still 1, and no multi-dimensional public opinion is formed.
At the same time, the increase of environmental forces has a positive correlation with the
increase of the final public opinion dimension.

4.2.3. Analysis of the Combination of Factors Influencing the Number of Derived Subtopics

Through the above simulation analysis, it can be seen that the main factors affecting
the number of derived subtopics are the degree of information alienation and the envi-
ronmental forces. The derived subtopic as a transitional link in the formation of public
opinion has a greater impact on its dimension, so these factors are combined for analysis.
The result is shown in Figure 18.

Figure 18. Analysis of the combination of factors influencing the number of derived subtopics.

It can be seen from Figure 18 that only when the degree of information alienation
reaches a certain threshold will derived subtopics be generated. When the degrees of
information alienation and environmental forces both increase, the number of derived
subtopics increases to a certain extent, but the environmental force has a greater impact
on the number of derived subtopics. When the degree of information alienation is 0.8
and the environmental force is 1, the number of derived subtopics is 1. When the degree
of information alienation is unchanged and the environmental force is 9, the number of
derived subtopics is 7, and the range of change is large. This shows that the degree of
information alienation has an important impact on the formation of derived subtopics, and
when there are derived subtopics, environmental forces will have more influence on the
number of derived subtopics.

4.3. The Impact of Topic Correlation on the Formation Process of Multi-Dimensional Public Opinion

When the ith derived subtopic is generated at time Ti, individuals in the network
will pay attention to certain subtopics and participate in the discussion of that subtopic
according to their own characteristics and environment. The degree of individual attention
will be affected by the degree of correlation between the current subtopic and the initial
public opinion and the number of surrounding infected neighbors. Therefore, by analyzing
the degree of correlation between the subtopic and the initial public opinion, we can further
explain which subtopics can form derived public opinions. The simulation results are as
follows.

In order to explore whether subtopics that are highly related to the initial public opin-
ion are more likely to form derived public opinions, a comparative analysis of Figures 19–21
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is carried out. When θ~N(0.3, 0.3), it can be seen from Figure 19a that the first derived
subtopic has the greatest correlation with the initial public opinion and the correlation
with other subtopics is small. From Figures 20a and 21a, we can see that the peak value
of the basic reproduction number R0 of the first subtopic is also the highest, and the final
public opinion dimension is 2. When θ~N(0.5, 0.3), the first and third derived subtopics
have a relatively high relevance. From Figures 20b and 21b, we can see that the peak
value of the basic reproduction number R0 of the first, second, and third subtopics is
higher, and the final public opinion dimension is 4. When θ~N(0.9, 0.3), the correlation
degree of each derived subtopic with the initial public opinion is relatively large, and the
correlation degree of the second, fourth, sixth, and seventh subtopics even reaches 1. From
Figures 20c and 21c, the peak value of the basic reproduction number R0 of the first, second,
third, and fourth subtopics is higher, but the peak value reached by the curve has decreased,
and the final public opinion dimension is 5. When θ~U[0, 1], the second, sixth, and seventh
derived subtopics have a higher degree of correlation. From Figures 20d and 21d, it can
be seen that the peak value of the basic reproduction number R0 of the second subtopic is
higher. The final public opinion dimension is 4. It can be seen from the above phenomenon
that the peak of the basic reproduction number of topics with a high degree of correlation
is correspondingly higher, which means that it is easier to form derived public opinion.
When all the subtopics have a relatively high degree of correlation with the initial public
opinion, the subtopic with the highest degree of correlation is relatively high. Topics may
not be able to form derived public opinion, but the subtopics generated in the early stage
are more likely to become hot topics and form derived public opinions. The reason may be
that when the correlation of subtopics is relatively high, an individual will have a sense of
freshness in the early subtopics, and as time goes by, they will gradually lose interest in the
initial public opinion, even if there is a degree of correlation with initial public opinion in
the later period. The subtopics with higher correlation are not very popular, leading to the
failure to form a new public opinion.

Figure 19. The correlation between derived subtopic number and initial public opinion.
(a) θ~N(0.3, 0.3). (b) θ~N(0.5, 0.3). (c) θ~N(0.9, 0.3). (d) θ~U[0, 1].
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Figure 20. The change of R0 under different distributions of correlation. (a) θ~N(0.3, 0.3).
(b) θ~N(0.5 0.3). (c) θ~N(0.9, 0.3). (d) θ~U[0, 1].

Figure 21. The change of the number of topics under different distributions of correlation.
(a) θ~N(0.3, 0.3). (b) θ~N(0.5, 0.3). (c) θ~N(0.9, 0.3). (d) θ~U[0, 1].
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4.4. The Impact of the Amount of Information Contained in Subtopics on the Formation Process of
Multi-Dimensional Public Opinion

After different derived subtopics are generated, the content posted by individuals
participating in the topic discussion is different, and the amount of information contained
is also different. In order to explore whether derived subtopics with a large amount
of information are more likely to form derived public opinion, simulation analysis is
used. The impact of the amount of information contained in subtopics on the formation
of multi-dimensional public opinion is analyzed, and the specific results are shown in
Figures 22–24.

Figure 22. The amount of information of each subtopic under different distributions.
(a) σi~N(0.1. 0.3). (b) σi~N(0.5, 0.3). (c) σi~N(0.9, 0.3). (d) σi~U[0, 1].

Figure 23. The change of R0 under different distributions of the amount of information.
(a) σi~N(0.1, 0.3). (b) σi~N(0.5, 0.3). (c) σi~N(0.9, 0.3). (d) σi~U[0, 1].
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Figure 24. The change of the number of topics under different distributions of the amount of
information. (a) σi~N(0.1, 0.3). (b) σi~N(0.5, 0.3). (c) σi~N(0.9, 0.3). (d) σi~U[0, 1].

In order to analyze whether subtopics with a large amount of information are more
likely to form derived public opinion, a comparative analysis is carried out. When
σ~N (0.3, 0.3), it can be seen from Figure 22a that the amount of information contained in
all derived subtopics is relatively small. From Figures 23a and 24a, we can see that the
peak of R0 is low, and the final public opinion dimension is only 2. When σ~N(0.5, 0.3), the
second and third derived subtopics contain more information. From Figures 23b and 24b,
it can be seen that the peak value of the basic reproduction number R0 of the second and
third subtopics is also the highest, and the final public opinion dimension is 4. When
σ~N(0.9, 0.3), each derived subtopic contains a large amount of information. Among
them, the amount of information contained in the first, third, fourth, and ninth subtopics
even reaches 1. From Figures 23c and 24c, we can see that the peak value of the basic
reproduction number R0 of the first, third, fourth, and fourth subtopics is also higher, and
the final public opinion dimension is 6. When σ~U[0, 1], the third and fourth subtopics
contain more information. From Figures 23d and 24d, it can be seen that the peak of the
basic reproduction number R0 of the third and fourth subtopics is also higher, and the
final public opinion dimension is 3. From the above phenomenon, it can be seen that the
peak value of the basic reproduction number R0 of the subtopic with a large amount of
information is correspondingly higher, and it is easier to form a new one-dimensional
derived topic.

4.5. Combination Analysis of Various Factors Affecting the Multi-Dimensional Public Opinion

Through the above simulation analysis, it can be known that there are many factors
that affect the dimensions of multi-dimensional public opinion. In the actual evolution of
public opinion, due to the urgency of online public opinion control, it is usually necessary
to focus on key links in order to reduce the cost of public opinion prevention and control.
Therefore, finding the most critical factor from the many factors that affect the formation of
multi-dimensional public opinion is more in line with realistic requirements. Therefore, we
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will find out the key factors through a combination analysis of the factors that affect the
formation of multi-dimensional public opinion. The results are shown in Figures 25–28.

Figure 25. Relationship among degree of correlation, amount of information and dimension.

Figure 26. Relationship among degree of correlation, information alienation and dimension.

Figure 27. Relationship among amount of information, information alienation and dimension.

Figures 25–27 respectively show the relationship among degree of correlation, amount
of information, and dimension, the relationship among degree of correlation, information
alienation and dimension, the relationship among amount of information, information
alienation and dimension. It can be seen from Figure 25 that when the amount of infor-
mation contained in a subtopic is small, its correlation does not impact on the dimension.
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When the amount of information contained is large, as the correlation increases, the di-
mension increases. No matter how the degree of correlation changes, the dimensions of
public opinion increase when the amount of information increases. Therefore, comparing
the effect of correlation, the amount of information contained in subtopics has a greater
impact on the dimension. It can be seen from Figure 26 that with the increase in the degree
of correlation and information alienation, the dimension increases, and the increase in the
two is not much different. It can be seen from this that: the degree of correlation and the
degree of information alienation have little effect on the dimensions of public opinion. It
can be seen from Figure 27 that as the degree of information alienation and the amount
of information contained in subtopics increase, the dimensions of public opinion increase
to a certain extent. When the amount of information is σ~N(0.5, 0.3), as the degree of
information alienation increases, the dimensions of public opinion do not change. When
the degree of information alienation increases with the amount of information contained in
the subtopics, the dimensions of public opinion change. It can be seen that, compared to
the degree of information alienation, the amount of information contained in subtopics has
a greater impact on the dimensions of public opinion.

Figure 28. Combination analysis of environmental forces, correlation and the amount of information contained in subtopics.
(a) The relationship among dimension, environmental forces and correlation. (b) The relationship among dimension,
environmental forces and amount of information.

In addition, Figure 28 shows the relationship among environmental forces, correlation
and the amount of information contained in subtopics. From Figure 28a, it can be seen
that when the environmental force is small, it has little effect on the dimensions of public
opinion. When the environmental force is large, the dimensions of public opinion increase
sharply with the increase of environmental force. With the increase of the degree of
correlation, the dimensions of public opinion have not changed or only increased slightly.
Therefore, compared with the degree of correlation, the influence of environmental forces
on the dimensions of public opinion is greater. From Figure 28b, it can be seen that
as the amount of information contained in the subtopics and the environmental forces
increase, the dimensions of public opinion increase significantly. Therefore, the amount
of information and environmental forces contained in the subtopics impact more on the
dimensions of public opinion. Based on the above combination analysis, the amount of
information contained in subtopics and environmental forces are the key factors that affect
the dimensions of public opinion.

4.6. The Influence of Network Topology on the Formation Process of Public Opinion Dimensions

Differences in network structure have an important influence on the formation and
evolution of public opinion. Therefore, it is necessary to simulate and analyze the formation
process of multi-dimensional public opinion under different network topologies. Since
the previous simulation analysis is based on the BA network, the influence of different
network topologies on the dimensions of public opinion is studied. The BA network, a fully
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connected network and a WS small world network are selected for comparative analysis.
The network topology parameters are as follows.

It can be seen from Table 3 that the aggregation coefficient and average of the fully
connected network are larger than other networks, but the average path length is smaller.
Other parameters are set as follows: ρ = 0.85, δ = 8, σ~N(0.5, 0.3), θ~N(0.9, 0.3), PU = 0.7,
g0 = 0.6, N = 1000. The simulation results are shown in Figures 29 and 30.

Table 3. Different network topology parameters.

Network Name Average Path Length Aggregation Coefficient Average

WS small world network 5.3719 0.0088 4

BA network 4.0282 0.034 3.964

Fully connected network 1 1 999

Figure 29. The number of agents participating in the discussion of derived subtopics under different network topologies.
(a) WS small world network. (b) BA network. (c) Fully connected network.

Figure 30. The change of number of topics under different network topologies. (a) WS small world network. (b) BA
network. (c) Fully connected network.

It can be seen from Figure 29 that 9 derived subtopics are generated under different
network structures. In addition, in the fully connected network, the number of agents
participating in the discussion of each derived subtopic is 1000, indicating that the partic-
ipation of each subtopic is very high. While in the WS small world network and the BA
network, only part of the subtopics’ participation is high, which means that the network
topology does not have much impact on the number of subtopics, it has a greater impact on
the number of agents participating in the discussion of the subtopics. In a fully connected
network, the participation of each derived subtopic is up to the highest. As can be seen
from Figure 30, in different network structures, the dimensions ultimately formed by multi-
dimensional public opinion are different. Fully connected networks will eventually form
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the highest dimensions, and WS small world networks will eventually form the lowest
dimensions. This change is related to network topology parameters. The change of the
aggregation coefficient is the same, which is opposite to the change of the average path
length. Therefore, it can be seen that the multi-dimensional public opinion formed by the
network topology with a high aggregation coefficient and short average path length has a
higher dimension.

5. Empirical Analysis

The news of COVID-19 that broke out in late 2019 swept across China and the world.
At the same time, hot events related to the epidemic are fermenting on the Internet, and
the spread of some rumors has caused many netizens to panic. After a long period of anti-
epidemic work, the epidemic situation in China has basically stabilized and people’s lives
have gradually returned to normal. However, on 9 November 2020, China’s CCTV news
broadcast “One new local confirmed case of COVID-19 in Shanghai” ignited netizens’ panic.
With the development of the Shanghai epidemic, the incident has spawned many topics,
and even the discussion on the derived topics has surpassed that of the original topics.
The original topic of “One new local confirmed case of COVID-19 in Shanghai” derived
further subtopics, such as “Shanghai Epidemic Prevention and Control Work Conference”,
“One Community in Pudong New Area will be Upgraded to Medium Risk Degree”, and
“4015 people in Shanghai Pudong Hospital have been quarantined”. Discussions on these
derived subtopics have even pushed the public’s panic to a climax. Here, we searched the
Baidu index with “Shanghai epidemic” as the key word and obtained the search index
from 18 November to 9 December 2020, as shown in Figure 31.

Figure 31. “Shanghai epidemic” Baidu index.

It can be seen from Figure 31 that the “One new local confirmed case of COVID-19 in
Shanghai” reached the highest search interest degree from November 21 to 24, and then
stabilized, and most derived subtopics were generated during this time period, indicating
that network public opinion has an important influence on the formation and propagation
of derived subtopics.

In order to study the phenomenon of the formation of multi-dimensional public
opinion for the above-mentioned events, event-related microblogs released by media
outlets such as “Tou tiao”, “The Paper News”, and “CCTV News” between 9 November
and 29 November 2020 are collected. The results are shown in Table 4.

It can be seen from Table 4 that after the outbreak of the original topic “One new
local confirmed case of COVID-19 in Shanghai”, with the development of the incident,
11 derived subtopics were successively formed and the amount of reading and discussion of
each derivative subtopic was different. The distribution map of the number of individuals
participating in the discussion is simulated based on the time when the derived subtopics
are generated and the number of discussions among netizens. It also defines that if the total
number of readings of a derived subtopic is greater than 100 million and the total number
of discussions by netizens is greater than 5000, the subtopic is regarded as a derived public
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opinion, that is, a dimension is added to the initial public opinion, and the time cut-off
point is set by December 9th. Based on this simulation, the public opinion dimension
change map of the “One new local confirmed case of COVID-19 in Shanghai” event was
generated and the result is shown in Figure 32.

Table 4. Topic related to “Shanghai epidemic” public opinion.

Release Time Topic Reading Volume Discussion Volume Topic Number

11.09 #One new local confirmed case of COVID-19
in Shanghai # 240 m 6607 0

11.10 #Shanghai Epidemic Prevention and Control
Work Conference# 300 m 18,000 1

11.21 #One Community in Pudong New Area Was
Upgraded to Medium Risk Degree# 23.868 m 594 2

11.21
#One Community in Pudong New Area Will

Be Upgraded to Medium Risk Degree
Tomorrow#

130 m 3452 3

11.21 #4015 people in Shanghai Pudong Hospital
have been quarantined# 450 m 17,000 4

11.21 #83 people that once contacted with infected
person were tracked# 100 m 6383 5

11.21 #1 new COVID-19 case confirmed
among15,416 people in Shanghai# 32.914 m 1319 6

11.23 #2 new local confirmed cases of COVID-19 in
Shanghai# 710 m 28,000 7

11.23 #One COVID-19 patient once exposed toan
aviation container# 310 m 8109 8

11.29 #Shanghai Songjiang # 12.469 m 3106 9

11.29 #No COVID-19 in Shanghai Songjiang # 6.118 m 431 10

1129 #Reasults of 6 local confirmed case of
COVID-19 in Shanghai# 190 m 3670 11

Figure 32. Simulation of derived subtopics for this public opinion. (a)The numberof agents discussing
derived subtopics. (b) Change inthe number of topics.

It can be seen from Figure 32a that the number of agents associated with the first,
fourth, and seventh derived subtopics is relatively large, which means that participation
is high. It can be seen from Figure 32b that the dimensions of public opinion began to
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rise on November 21, reached a peak on the 29th, and finally stabilized at six dimensions,
and formed a six-dimensional public opinion. This six-dimensional public opinion is the
original public opinion.

The following is a simulation of the event based on the multi-dimensional public
opinion formation model mentioned in this paper. Due to the large amount of case data
and comprehensive visualization considerations, the simulation network scale is set to
1000. Since there are many derived subtopics generated, settings were at ρ = 0.95, δ = 9,
and the amount of information contained in the subtopics σ~N(0.9, 0.3), the initial public
opinion infection rate set at α = 0.2, β = 0.5. The result is shown in Figure 33.

Figure 33. Simulation of derived subtopics for this public opinion used the model proposed in this
paper. (a) The number of agents discussing derived subtopics. (b) Change in the number of topics.

It can be seen from Figure 33 that the simulation of the multi-dimensional public
opinion using the model proposed in this paper is not much different from the actual results.
First of all, it can be seen from Figure 33a that the number of individuals participating
in the first, fourth, and seventh derived subtopics is the largest, which is consistent with
reality. It can be seen from Figure 33b that the dimensions of public opinion reached up
to twelve, then began to decline, and finally stabilized at six dimensions. Although the
rise and decline process is slightly different from the reality, the overall trend is basically
the same. In general, the multi-dimensional public opinion formation model proposed
in this paper can better simulate social hot events in reality and has important guiding
significance for analyzing the causes of multi-dimensional public opinion and predicting
the evolutionary trends of multi-dimensional public opinion.

6. Conclusions

This paper discusses the formation process of multi-dimensional public opinion based
on derived topics. Usually, after a hot news story breaks out, the social network platforms
generate the initial topic of the event and form the initial public opinion as the discussion
heats up. As time goes by, netizens’ subjective understanding of the initial public opinion
information will gradually become biased and gradually accumulate, leading to variation
in the initial public opinion so that multiple subtopics are derived. After the subtopics are
generated, the SIR model is used to analyze the propagation process and calculate the basic
reproduction number to determine whether the derived public opinion can be formed, and
this derived new public opinion is intertwined with the initial public opinion to form a
multi-dimensional public opinion together. Finally, simulation experiments are conducted
to explore the influence of factors, such as the degree of information alienation, environ-
mental forces, topic correlation, and the amount of information contained in subtopics on
the formation of multi-dimensional public opinion.

The following conclusions are obtained through simulation experiments:
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(1) When the degree of information alienation reaches a certain threshold, derived
subtopics will be generated. In addition, when the degree of information alien-
ation is high, the earliest derived subtopics may not necessarily form derived public
opinion but later derived subtopics may also be generated. Derived public opinion is
formed, and the degree of information alienation has a greater impact on the number
of derived subtopics but has small impact on the dimensions of the final state of
public opinion.

(2) Environmental forces and the amount of information contained in subtopics are the
key factors that affect the formation of multi-dimensional public opinion. Among
them, environmental forces have a greater impact on the early subtopics, and the
amount of information contained in subtopics is key to forming derived public
opinion.

(3) Subtopics that are highly related to the initial public opinion topic are more likely
to form derived public opinions. When all subtopics are highly correlated with the
initial public opinion, the subtopic with the highest degree of correlation may not
necessarily form a derived public opinion, but subtopics generated in the early stage
are more likely to form a derived public opinion.

(4) The network topology does not have much impact on the number of subtopics, but it
has a greater impact on the number of individuals participating in the discussion of
the subtopics, and the dimensions of multidimensional public opinion formed by the
network topology with a high aggregation coefficient and short average path length
are greater.

However, this paper still has the following shortcomings, which will require further
study:

(1) This paper does not consider the influence of external information intervention in the
study of the formation process of multi-dimensional public opinion and subsequent
intervention mechanisms which can be introduced to study the influence of external
information on initial public opinion and derived public opinion.

(2) The paper considers the situation of static nodes without considering the increase
or withdrawal of Internet users’ nodes [38]. In reality, individuals participating in
discussion of derived subtopics often increase and decrease. Therefore, the multi-
dimensional public opinion evolution mechanism under the dynamic network can be
considered in the follow-up research.

(3) In this paper, the dynamic equations for complex networks only considers the node
average degree of uniform networks and cannot reflect the connections between
each node and its neighbor. Therefore, more complex dynamic equations should be
considered to simulate the infection process of each node in future.
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