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Abstract

The research aims to enhance the effectiveness of the public opinion evolution guidance model, with a particular focus on
the influence of opinion leaders, and address the shortcomings of traditional models, such as neglecting opinion leaders
and insufficient network topology. Therefore, the relevant scale-free network is used to improve the traditional public
opinion evolution model. An improved model integrating the two is proposed by introducing a real coded accelerated
genetic algorithm. The experimental results show that the proposed model converges to four opinion clusters, with the
average values of negative and positive opinions being 0.399 and 0.370, respectively, demonstrating the trend closest to
the actual data. When the parameters are fixed, the ultimate development of public opinion shows obvious changing trends
in different situations, and the validity of the model has been proved by practice. The research innovatively introduces the
scale-free network based on Barabasi and Albert, and improves the Hegselmann Krause model. Meanwhile, by
comprehensively considering the influence of opinion leaders and network topology factors, the model overcomes the
shortcomings of traditional models in public opinion guidance and also demonstrates good practicability in practical
applications.
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1. Introduction

Public opinion refers to the sum of opinions and attitudes of the public towards specific events, individuals, etc. in
social life, and its formation is influenced by various factors. In the digital age, the role of social media platforms has
become more prominent. For example, Lee et al. believed that digital media provides supporters with a centralized
communication platform, promoting discussions on sports goals and information sharing. This finding demonstrates the
relationship between the unique effectiveness of social media platforms and sports dynamics [1]. In recent years, the
research on public opinion and social media has been on the rise, revealing the key roles of various platforms in social
mobilization, public opinion evolution, and brand loyalty. Exploring the dissemination and evolution process of public
opinion information can better understand the occurrence, development, and evolution process of public opinion in
specific social networks. It can also better understand the public opinion, so as to enrich and improve the social Network
theory. Gopi et al. emphasized the significance of sentiment analysis in social networks, and demonstrated how people
express their opinions in various forms on social media. A classification framework was constructed based on sentiment
polarity, which delved deeply into the diversity of information transmission during the public opinion formation [2].
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Park and Jiang discussed how corporate social advocacy activities can enhance brand loyalty through brand community
participation, emphasizing the close connection between social public opinion and brand image [3]. However, current
research often neglects the role of opinion leaders in the evolution of public opinion and the influence of different users
on social media. Moreover, existing public opinion evolution models fail to fully consider the topological structure of
the network and its impact on the dissemination of public opinion. Therefore, the research proposes an improved public
opinion evolution model to address the aforementioned blank issues. This study utilizes the BA scale-free network
proposed by Barabasi and Albert to improve the traditional classic model of guiding public opinion evolution. The Real-
coded Accelerated Genetic Algorithm (RAGA) is introduced to optimize its parameter selection process. The improved
Real-coded Accelerated genetic algorithm - Improved Hegselmann-Krause (RAGA-IHK) that integrates the two is
obtained. The purpose is to solve the problem that the current public opinion evolution guidance model ignores the
reasons why public opinion leaders are driven by public opinion, and does not fully consider the network topology
structure of actual public opinion. Meanwhile, it is excepted to better align with the evolution of online public opinion,
explain the evolution laws, and help stakeholders better guide public opinion.

The study consists four sections. The first section discusses and summarizes the current research achievements and
applications. The second section mainly elaborates on the relevant guidance model for the evolution of public opinion
in major public crisis events based on RAGA. In this section, an Improved HK (IHK) model considering opinion leaders
is constructed and the parameters optimization of the IHK model based on RAGA is realized. The third section is to
verify the availability of the RAGA-IHK, including the effectiveness and practicality. The final section is a summary
and discussion of the entire article.

2. Related Work

Network topology is the basis for public opinion dissemination. The dissemination requires specific network
structures. Therefore, compared with the simple network structure, complex network is more consistent with the real
network characteristics [4, 5]. Meanwhile, the dissemination and evolution of online public opinion is the process of
information spreading from one person to several people, including the online public opinion evolution in this process,
which is extremely important for guiding public opinion [6]. A large number of domestic and foreign scholars have
conducted research on it. Zhang et al. [6] analyzed the internal public opinion communication mechanism for the
COVID-19 related communication problems in major public health emergencies, providing data support for managers
to make scientific decisions. Liu et al. [7] analyzed the dissemination mechanism of public opinion on the forest fire in
Liangshan Prefecture using crawler technology and data collection, providing theoretical assistance for implementing
disaster relief plans and communication between the government and the public. Regarding the impact of social media
on government structure attitudes, Zhang et al. [8] conducted a survey on the impact of relevant competitive information
on social media on government satisfaction through data collection, providing a data basis for the public opinion
guidance. The prediction error of online public opinion dissemination in actual crisis warning was relatively large.
Therefore, Cai et al. proposed a new crisis warning method related to online public opinion dissemination based on
feature mining, effectively improving the effectiveness of crisis warning [9]. Aiming at the role of key opinion leaders
in e-commerce marketing, Liao et al. [10] proposed an evolutionary model for relevant marketing and promotion
strategies based on opinion leaders and the game model of public opinion evolution, thus effectively improving the
advantages of brand enterprises.

In addition, false information released by relevant social media websites during the COVID-19 epidemic caused
widespread anxiety. Chintalapudi et al. [11] analyzed the problems published by Indian netizens in the COVID-19
epidemic using two-way encoders. Thus, a deep learning model was constructed. This effectively improved the accuracy
of public opinion evolution and reduced the probability of unnecessary anxiety. Malecki et al. [12] constructed the
corresponding framework through the COVID-19 analysis to solve the problems related to the impact of public opinion
guidance on the public in major public crisis events, effectively reducing the misleading of social media misinformation
on patients. Siddiqui et al. [13] increased the understanding of word-of-mouth marketing through corresponding
empirical models to explore the relevant mechanisms of social media in guiding public opinion. It provided theoretical
support for relevant enterprises to build brands.

For the public opinion analysis problem of PON 2024, Mansyur et al. [14] proposed an SVM algorithm based on
cosine similarity, which improved the accuracy of sentiment analysis to 88.73%. Ahrens [15] reviewed the impact of
public opinion on democratic politics and proposed corresponding theoretical perspectives, emphasizing the imprecision
and endogeneity of public opinion, and providing new insights for future comparative political economy research. Guo
et al. [16] explored how the framework of immigration news affects public attitudes and policy preferences towards
immigrants. The research proved that the framework of mainstream media directly led to support for strict immigration
policies, while partisan media indirectly influenced public sentiment. Bashiri & Naderi [17] proposed multiple methods
based on converter models for sentiment analysis problems. The T5 model performed best on multiple datasets,
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demonstrating its flexibility and generalization ability. Do et al. [18] proposed a research model based on stimulus-
organization-response and cognitive dissonance theories regarding the impact of negative online word-of-mouth on
brand hate and brand activism. Collectivism plays an important moderating role between consumer psychological
discomfort and brand hate.

From the research, the current classic public opinion evolution model fully considers the characteristics of node
domains. However, integrating opinion leaders only carries out simple weighting, which overlooks the difference
between opinion leaders and ordinary netizens in the reasons for driving public opinion. Meanwhile, the structure of the
network itself is not fully considered. In addition, the current network public opinion evolution model only combines
relatively primitive algorithms when combining relevant computer algorithms. More advanced or optimized algorithms
have not been combined. Therefore, BA scale-free network is used to improve the traditional classic public opinion
evolution guided HK model. The RAGA-IHK model constructed after introducing the RAGA is innovative. It expands
the direction for the development of network public opinion evolution guidance models and also expands the
development field of RAGA.

3. The Public Opinion Evolution Guidance Model Analysis for Major Public Crisis Events
Combined with RAGA

The evolution of public opinion is an important research direction in public opinion studies. Opinion leaders are
nodes with greater influence in the social public opinion network, which plays a critical role in the evolution of public
opinion. Therefore, this section improves the traditional HK model based on opinion leaders to give full play to the
action of opinion leaders.

3.1. Construction of IHK Public Opinion Evolution Model Based on Opinion Leaders

The current public opinion evolution guidance model ignores the reasons driven by opinion leaders and does not
fully consider the network topology of actual public opinion. Therefore, the traditional classic public opinion evolution
guidance HK model is improved by the BA scale-free network. The parameter selection process is optimized by
introducing RAGA. The main reason for introducing the RAGA in the research lies in its certain advantages in
multivariable optimization problems. Compared with traditional genetic algorithms, RAGA uses real number encoding,
which greatly simplifies complexity and improves computational accuracy, effectively avoiding the common accuracy
loss problem in binary encoding. In addition, RAGA can quickly converge to the optimal solution by introducing an
adaptive search strategy, thereby enhancing the convergence speed and efficiency of the algorithm. These characteristics
enable the RAGA to respond more sensitively to data changes during the parameter optimization process of the public
opinion evolution model, ensuring the accuracy of the model parameters and thereby enhancing the overall performance
and reliability of the public opinion evolution guidance model. The current applied network topology includes regular
networks, random networks, small world networks, and scale-free networks. However, none of these four classic
network topologies can provide a good fit for actual social networks. A network with both scale-free and small clustering
characteristics is selected for the construction of an actual network structure evolution model for authentic social
networks. The BA scale-free network has already met the scale-free characteristic. Therefore, an improved edge
generation algorithm is taken to introduce high clustering characteristics. Generally speaking, the two connection
methods of priority and domain are the main components of generating edge connections. Considering the theoretical
domain connection methods in actual networks, the generation algorithm integrates priority and scale-free connections
in the actual network construction process. Therefore, the improved scale-free network is shown in Figure 1 [19].
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Figure 1. Flow diagram of improved scale-free network
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In Figure 1, the improved scale-free network process starts with corresponding initialization. Assuming that there
are m nodes in the network at this time, a fully connected graph containing no nodes needs to be generated. Secondly,
relevant nodes j from m nodes that have not been added to the network is selected. Then, they are added to the network.
At this point, the newly added node j will generate n edges (n<no). When there are nodes in the network that have not
been traversed, the non-traversed node i in the network is selected for priority connection with a probability of pt, and
triangular connection with a probability of 1-pt. Finally, it is determined whether there are m nodes in the network. If
not, the relevant repetitive process will be redone. If so, the network construction is ended. Nodes j and i establish a
connection relationship with probability p during priority connection. In triangular connection, node j triangulates with
the domain of node i with a probability of p (1-pt)/p+1.

When nis 5 and mis 200, the average clustering coefficient of the original BA scale-free network is 0.124. When pt
is 0.7 for priority connection and p is 0.35 for domain connection, the average clustering coefficient of the improved
scale-free algorithm is 0.447. The average clustering coefficient of the Twitter social circle published by Stanford
University is 0.565. Obviously, the improved structure is more in line with the actual situation. Although it considers
priority connections, it ignores the randomness of node degrees. Therefore, the clustering scale-free network that
improves the influence of decreasing distance is further optimized. The current mainstream research direction is to use
a continuous public opinion evolution model with bounded trust. The traditional HK evolution model ignores the internal
motivation of opinion leaders and public opinion. That is, opinion leaders are often driven by their own interests to gain
high attention. The public is often influenced by those around them. The current definition of opinion leaders is
simplified, referring to the node with the largest number in the actual network. That is, the nodes in the top 5% of the
network are opinion leaders.

When opinion leaders express positive and negative views, they will attract netizens’ attention. The benefits of both
are U and V. The additional effect that negative views bring to users is defined as V1. The loss caused by the difference
between opinion leaders and the public is W1. The loss caused by the difference between the negative views of opinion
leaders and authorities is V2. Therefore, the views of opinion leaders and the public can form a game matrix, that is, the
game between positive affirmation, negative negation and adoption, and non-adoption. The HK model utilizes the
concept of bounded trust. Therefore, under the opinion value of the opinion leader and other public, the probability of
the public trusting the opinion of the opinion leader at a certain time is shown in Equation 1 [20].

Pt = Neig[Ubory 1)
A

In Equation 1, p* represents the probability that the public will trust the views of opinion leaders at moment 7. i
stands for the opinion leader. A represents the actual total size of the network. The equation obtained by converting
Equation 1 based on two different income expressions is shown in Equation 2.

E, = pU+ (1—p)(U - W1)
{Fl_,, =p(U+V1-V2)+(1—p)(U—-W1-V2) )
F(P) = pE, + (1 = p)F,_,, = plp(W1 = V1) + V2] + pV1 + U — W1 - V2

In Equation 2, F, refers to the expected actual total income of opinion leaders. p refers to the actual probability of
opinion leaders expressing positive opinions at the next moment. U refers to the benefits brought by the positive opinions
of opinion leaders. W1 refers to the loss caused by the difference between opinion leaders and public opinion. F;_,
refers to the actual income expectation of opinion leaders when they express negative opinions. V1 represents the
additional effect that negative views bring to users. V2 refers to the loss caused by the difference between the negative
views perceived by opinion leaders and authorities. If f is the function of the opinion leader when selecting the relevant
strategy, and the independent variable is p, the expression is shown in Equation 3.

f®) =p[F, —F@®)] =p(1-p)(V2 - pV1) (3)

From Equation 3, when the value of p is at [0,1], p = % Regardless of the value of p, f(p) is 0. That is, no matter

how opinion leaders evolve, they will not have an impact on the next moment’s earnings. At this time, the actual opinion
v2 daf (p)

of the selected opinion leader remains unchanged. If p = 7=, T Gr-D (Vi)

= 0. At this point, two situations will occur.

If p< % df (p)lp = 0> 0. At this moment, df (p)|lp =1 <0, p = 1s the equilibrium point. The opinions of opinion
leaders will actively evolve in the next moment. On the contrary, if p = 0 is the balance point, their opinions will evolve
negatively at the next moment. In the evolution of opinion leaders' views on gaming, p is a fixed value rather than a
variable, which can also provide relevant control opinions for relevant governments or social network platforms. If
managers want public opinion to develop in a positive direction, and the large network user base is not easy to directly
control them, then a few opinion leaders may become the target of managers. The risk of opinion leaders expressing
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negative views is increased. An increase in V2 value can lead opinions to develop in a positive direction. The HK model
is a continuous model related to the evolution of public opinion. Therefore, this conclusion can lead to the actual

evolution direction of opinion leaders, namely V = % The actual opinion expression of opinion leaders in the final
evolution of the next moment is shown in Equation 4.

1—pTx V1t
e 4)

In Equation 4, zF** stands for the actual opinion of the opinion leader’s final evolution at the next moment. Zf stands
for the opinion of the opinion leader at this moment. v indicates the evolution direction of the opinion leader. In the
actual online public opinion dissemination, ordinary netizens usually tend to view opinions similar to their own to gain
a sense of identity. The HK model is proposed based on this idea. However, opinion leaders in actual social networks
are usually big V users. When the opinions of opinion leaders differ from those of ordinary users, they may not initially
agree. However, since opinion leaders are big V users, they will be coerced to accept this view passively in the long run.
After accumulating memory and viewpoints, it will have an impact on the opinions of ordinary users. This memory
effect essentially has a relatively small impact on the evolution of public opinion among ordinary netizens, as most
netizens do not actively seek opinions that contradict their own views. In response to this phenomenon, the HK model
is further improved. This is to optimize the way their opinion leaders actually influence ordinary Internet users.

ZPt =77 +

In the substantial evolution process of the opinions of ordinary netizens, if the opinions of opinion leaders are only
within the trust threshold with the opinions of ordinary netizens, the influence of opinion leaders on ordinary netizens
will remain unchanged. It still follows the rules of the HK model. If the difference between the opinion value of opinion
leaders and that of netizens is large, the corresponding memory value will be introduced. After the cumulative number
of iterations and memory value reach a certain level, the opinions of opinion leaders will participate in the evolution of
ordinary netizens' opinions. In reality, some Internet users with extreme views are less affected by the views of opinion
leaders. Even if they repeatedly consult the views, they will still distrust them. Therefore, when the views of opinion
leaders do not belong to [0.1, 0.9], ordinary netizens will not remember relevant views. If the memory value generated
by ordinary netizens and opinion leaders is w1, the calculation expression is shown in Equation 5.

w1 = Dyp — Dy )

In Equation 5, w, represents the memory value generated by ordinary netizens and opinion leaders. Dj, represents
the opinion value of the opinion leader h. D, represents the opinion value of ordinary netizen g. If the memory threshold
is M at this time, two situations will occur. They are the newly introduced relevant memory values and the values that
exceed the threshold of the memory after being stacked. At this point, the relevant views on memory values are included
in the main model and the memory values of ordinary netizens are initialized. The updated memory value of ordinary
netizens each time is shown in Equation 6.

]i‘ll-j—gl :]i‘i_g + w1

Sftl=8F +1 ©
hg — *“hyg

In Equation 6, ],TLLI represents the memory value of ordinary netizens for opinion leaders at the next moment. /5 4

represents the memory value of ordinary netizens to opinion leaders at this moment. S ,f_+gl stands for the actual time for

ordinary netizens to browse the comments of opinion leaders in the next moment. Sy , stands for the actual time that
ordinary netizens browse the comments of opinion leaders in the next moment. If the value of |JE**| is greater than M
and SF*1 is greater than the set actual number of times, S must be browsed multiple times, and the actual field of ordinary
netizens will be expanded. The updated equation expression is shown in Equation 7.

i =0
Sptr=0 ™)

Neighborii' = Neighborfi' U g

If the value of |JE*!| is greater than M and less than S, it means that the memory value of ordinary netizens has
exceeded the memory threshold but have not browsed the information multiple times. At this point, based on the
principle of bounded trust, ordinary netizens will not be influenced by opinions that are significantly different from their
own. Therefore, the iterative equation is shown in Equation 8.

=0
{ST_-;—QI — 0 (8)
h.g —

The resulting IHK evolutionary model utilizing opinion leader games and memory methods is shown in Figure 2
[21].
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Figure 2. An IHK evolution model based on opinion leader games and memory

From Figure 2, the IHK model first initializes the relevant data. Secondly, at a certain moment, any node q is selected
to observe and record. v = 0 represents whether there have been any changes in this iteration. If the initialization size
of the node array with N is ¢, the node is re-selected. If not, it is 1. At this time, the node is determined whether it is a
opinion leader node. If so, the opinion leader node will evolve. If not, it will be evolved as a node for ordinary netizens.
Equation 1 is introduced into the evolution of opinion leaders to determine whether it is p = A. If so, D;** = DE. If not,

Df.i_'_l _ Dﬁ + pTxA -1
evolution of ordinary netizen nodes is k = 0. When k is less than N, if |D,§ - Dg| > o (k represents the opinion leader
node and o represents the bounded trust threshold), Equation 7 is satisfied. Otherwise, Equation 8 is satisfied. If
|D,§ — D;| < o, only the third row of Equation 7 is satisfied. If J, ; = S ; = 0, the number of nodes is expanded to
repeat the process. Otherwise, the next step is taken. Next, if 1p == 0, it means that the actual views of all nodes will

no longer change, that is, the evolution is over. If not, T = 7 + 1, and this operation is returned to the network node to
repeat the process.

, = 1. If T = v 4 1, this operation is returned to the network node to repeat the process. The

3.2. Parameter Optimization of IHK Public Opinion Evolution Guidance Model Based on RAGA

There are many parameters obtained from the IHK model based on the improved network structure. Their different
combinations have different impacts on the actual evolution results. Public opinion guidance should be provided for
major public crisis events after actual evolution. Therefore, the RAGA is introduced in the actual parameter selection
process to optimize and achieve subsequent public opinion guidance. This RAGA-IHK public opinion evolution
guidance model is obtained. The built-in RAGA in Matrix Laboratory (MATLAB) is used to calculate parameters. The
public opinion guidance of major public crisis events is a form of crisis communication and also a part of risk
management. Essentially, risk management selects all comprehensive measures to reduce the probability of emergencies,
which is reflected in public opinion guidance to improve the efficiency of emergency situations.

Currently, genetic algorithms are often used to overcome continuous objective functions and local optima when
dealing with multivariable problems in traditional methods. However, this algorithm uses binary encoding, which is
cumbersome and requires high accuracy. Therefore, the RAGA is selected for parameter optimization of the IHK model
to achieve subsequent public opinion guidance. The RAGA utilizes the space contained in the excellent individuals
searched by the standard genetic algorithm during the evolution process to gradually adjust the search space for
optimization variables. This can greatly improve the optimization speed. The shortcomings of binary encoding have
been overcome, greatly improving the optimization ability. In the constructing the RAGA, the first step is to encode the
parameter set and calculate the fitness values of the relevant individuals. Secondly, the related operations of genetic
operators are executed. If the termination condition is not met, then the excellent change interval generated by the
previous two generations of evolution can be used as the initial interval again. The fitness calculation and genetic
operator operations are performed again, which can accelerate the iteration until the termination condition is met.
Therefore, the flowchart of the RAGA is shown in Figure 3 [22].
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Figure 3. Flow diagram of RAGA

From Figure 3, the RAGA is used to obtain the projection function to be optimized to solve the minimization related
problems. The corresponding expression is shown in Equation 9.

{ min f' (x) ©)
s.t.b(j) < x() < c(j)

In Equation 9, min f' (x) represents the minimization problem of the projection function. b(j) and ¢(j) represent
the minimum and maximum values of the initial variation interval. f' represents the objective function. x represents the
variable to be optimized. j represents the number of optimization variables. Therefore, the RAGA first encodes the
optimized variables with real numbers. The corresponding linear transformation expression is shown in Equation 10.

x() = b() +y(N(c() —a()) (10)

In Equation 10, y represents a real number, which is the genetic gene in the RAGA. The actual encoding method of
the solution formed by concatenating the genes corresponding to the variables to be optimized is called chromosome.
The value of x is maintained at [0,1]. Secondly, the corresponding population is initialized. The fitness of the subsequent
parent population is calculated. Calculating the relevant fitness values requires an evaluation function to evaluate them.
Specifically, it means assigning a probability to each individual in the parent group. The probability of an individual
being selected follows a corresponding pattern with their fitness value. At this point, the evaluation function is not based
on actual values. Instead, individual fitness values are allocated based on individual fitness values. If the adaptability of
chromosomes is strong, the probability of their selection is higher. The evaluation function proposed on the order basis
is shown in Equation 11.

eval(y(j,i')) =p(1-p)i1 (11)

In Equation 11, i’ represents the individual serial number. The maximum value is 0. The smaller the value, the better
the chromosome. g represents a constant between (0,1). Subsequently, selection, hybridization, and mutation operations
are performed. The selection operation is based on the Y-round selection mechanism. Each rotation generates a
chromosome. The relevant chromosomes selected are based on fitness. After this operation, a group of offspring will be
born. The specific selection process is expressed in Equation 12.

{LO =0
L
kLL.r = Z eval(y(/', i')) (12)
j=1

In Equation 12, L represents the cumulative probability of each chromosome, and the value is maintained at [0, L;/].
By randomly selecting a value r in this interval, the corresponding chromosome can be selected based on the probability
value of r. After Y repeated population initialization and parent population fitness calculation steps, a new generation
of individuals composed of Y chromosomes can be obtained. In the hybridization operation, a parameter Pb is selected
to indicate the presence of PbO chromosomes in the paternal individual. It is the most important evolutionary method
in genetic algorithms. Before performing hybridization operations, a paternal individual needs to be determined first. i’
is any one of the 0 chromosomes. Then a random number r is generated in [0,1]. When the value of r is less than the
crossover probability, y(j,i") will be selected as the paternity. By analogy, the corresponding chromosome of the parent
individual can be obtained. The expression after pairing it in pairs is shown in Equation 13.
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(16.9.5:G.0), (56,,%:G.), (¥6, 0, v56. 1)) (13)
To ensure that chromosomes can be paired, when the actual parent individual is odd, one chromosome can be added
or removed to ensure that its actual number is even. Therefore, the operation process of arithmetic crossover is similar

to the actual association phenomenon of homologous chromosomes in biological clocks. A parameter is generated from
(0,1), which can be either a constant or a variable. The offspring obtained are shown in Equation 14.

{X=a*yi(i,i’)+(1—a)*yz'(f.i’> (14)
Q=0-a)*y,(,i) +a*y,(i)

In Equation 1, X and Q represent the two offspring generated. a represents the parameter generated from (0,1). After
extensive hybridization operations, a second-generation population can be obtained. In mutation operations, selecting
two-point mutations is more helpful for population diversity. Pm represents the probability of relevant variation in
genetic operations. The presence of PbO chromosomes in the relevant population may result in corresponding mutation

operations. The selection of parents to be mutated is similar to the crossover process. The corresponding variant
expression is shown in Equation 15.

y3(, i) + My (15)
In Equation 15, y3(j,i") represents the parent. M represents a random number that ensures population diversity. y
represents the randomly selected direction of variation. Then, iterative evolution is carried out. According to three
operations, 3n offspring individuals are obtained. Based on the numerical value of the related matters, the offspring
individuals ranked higher will be re-selected as the parent population for the next round. The fitness of the parents is
recalculated until the preset number of evolutionary iterations is reached. Finally, the algorithm process is accelerated
to output the final optimization result. According to the corresponding calculations, the actual size of the group is 30.

The iterations are 50. The mutation rate of the population is 9%. The genetic crossover rate of the population is 80%.

In the experiment, the Weibo data of the “5.30 Headlines Tencent Battle” is test dataset to simulate the RAGA-IHK
model. The microblog data of “10.28 Chongqing bus falling into the river event” is original data to verify the feasibility
of the model. In the research, the Weibo dataset used is captured by a web crawler tool, covering Weibo comments
related to major public crisis events within a specific time period. During the data preprocessing process, deduplication
and noise reduction are carried out first to ensure the accuracy and reliability of the data. Subsequently, the popular
Chinese word segmentation tool jieba is used to perform word segmentation on the text, and snowNIp is employed for
sentiment scoring. This tool can provide sentiment analysis based on text content, including sentiment polarity (positive,
negative, or neutral) scoring. The hardware environment for the experiment is Intel Core processor, model i7-6700HQ,
central processor 2.60GHz, and Random-access memory 8.00GB. The software environment includes Win10 flagship
version (x64), Octopus crawler, MATLAB R2017b, and Pychar. The programming language is Python 3.0. All data
sources are topics on Weibo. Verifying that the RAGA-IHK model can reflect the actual process of social network public
opinion changes is mainly achieved by crawling relevant data from the initial and end stages of public opinion. The
comments on Weibo are extracted for relevant emotional analysis. The results of sentiment analysis in the initial stage
of public opinion are imported into the RAGA-IHK model as raw data. The sentiment analysis data related to the end
of public opinion stage is used as the final measurement result. The selected sentiment analysis databases are wordCloud,
jieba, and snowNlIp. The data in MATLAB is used as the initial network public opinion distribution. The evolution
results are compared with the emotional analysis data at the end of online public opinion. The actual case analysis
process is shown in Figure 4.

......... Crawler tools

Crawling
data

Compariso
n results

Text
Tendency
Modeling

Text
preprocessing

Model Evolution
Guidance

Chinese word segmentation

Data deduplication and : .
and sentiment analysis

denoising

Figure 4. Schematic diagram of case analysis process in the experiment
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From Figure 4, the case analysis process is simple. Firstly, crawler tools are used to crawl relevant data. Secondly,
data is deduplicated and denoised to achieve text preprocessing. Subsequently, Chinese analysis and sentiment analysis
are used to model text bias. Then, the evolutionary guidance of the RAGA-IHK model is executed. Finally, the results
were compared. The process of sentiment value processing for single Weibo topic changing in the relevant sentiment
analysis database is shown in Figure 5.

Read all word sets  Read the actual comment

data of a line of Weibo posts
]
Start ‘J_L

Jieba segmentation
comment data as a set

Merge word
segmentation dataset
into word set Output the emotional value of

this piece of data

Using snowNIp to process
comment data to obtain
corresponding sentiment

analysis values

End

Figure 5. The emotional value processing process of changing questions on a single Weibo account

From Figure 5, the emotional value processing process of changing questions on a single Weibo first reads all
word sets and actual comment data on Weibo. Secondly, jieba segmentation comment data is used as a set. Then,
the set is merged into the word set and the comment data is processed using snowNIp to obtain the corresponding
sentiment analysis values. Finally, the emotional value of the data is output. The processed relevant data is imported
into MATLAB. In the relevant network generated by the scale-free network with decreasing distance influence,
opinion leaders should be the relevant nodes that joined the network earlier. In addition, nodes of ordinary netizens
interact with nodes of other ordinary netizens based on the original HK model. When the difference in opinions
between the two is less than the memory threshold, it is merged into the domain. The relevant nodes of ordinary
netizens and opinion leaders have been introduced into the memory mode. If the difference between the two
opinions is greater than the memory threshold, ordinary netizen nodes will remember the relevant nodes of opinion
leaders.

4. Performance Analysis of Improved Public Opinion Evolution Guidance Model

To verify the effectiveness of the RAGA-IHK, the parameters of the model are first obtained. The improved
network topology parameter determination, degree distribution, and training set data changes are shown in Figure
6.

The horizontal axis 1-8 in Figure 6(c) represents the period from May 30th to June 6th. From Figure 6, after
improving the network topology parameters, the actual generated network size is 1,000. The nature of Weibo is
similar to Twitter. Therefore, the clustering coefficient of 0.565 is used as a reference value. When the ratio of
priority connections to neighborhood connections is 0.8, and the generated edges in the near and sub domains are
0.28, the actual clustering coefficient of the network is 0.564, which is close to the clustering data of the Twitter
network. The high ratio of priority connections to neighborhood connections indicates that the network has good
scale-free characteristics. In addition, the actual Degree distribution of BA scale-free network approximates power
law distribution. Meanwhile, the training dataset is from May 30th to June 6th. The data on Weibo is obtained using
crawling tools. After analysis, the data traffic on Weibo reaches a peak on June 2nd. The online public opinion data
from May 30th to 31st is introduced into the model. The online public opinion data from June 5th to 6th is used as
the result value. During the gradual decline of public opinion popularity and the evolution of real public opinion,
there is a certain random change in the number of participants. Therefore, the accuracy of the model can be
determined based on this proportional result.
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Figure 6. Improved network topology parameter determination, degree distribution, and training set data change

From the data from June 5th to 6th, the average public opinion is 0.599, with a positive to negative ratio of 1.518.
The improved network topology parameters indicate that the adjusted BA scale-free network exhibits similar clustering
coefficients to the Twitter social network. This result not only verifies the effectiveness of the BA scale-free network,
but also shows that the model can generate more realistic user interaction patterns in complex networks. This clustering
characteristic enhances the interaction opportunities between ordinary users and opinion leaders, thereby influencing
the formation and evolution of public opinion. In the model setting, the "punishment" mechanism for negative opinion
leaders is an important regulatory parameter. This "punishment"” measure does not refer to a single sanction, but aims to
suppress the impact of negative views by reducing their dissemination value. For instance, when negative opinion
leaders' comments trigger negative public opinion, the model will reduce the weight of these negative comments in the
dissemination of public opinion based on their influence. The fitness changes in the RAGA and the relationship between
real values and fitness changes are analyzed. The results are shown in Figure 7.
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Figure 7. The fitness trend of RAGA and its relationship with real values

From Figure 7, the average fitness of the RAGA increases the fastest between 0 and 2.5, followed by an overall
increase in upper bound volatility. The maximum fitness value remains basically unchanged between evolution algebras
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0-8, and then shows fluctuating growth. After 30 evolutionary cycles, it remains basically unchanged, with a maximum
fitness value of around 1.9. In addition, the relationship between real values and fitness also exhibits volatility, with a
minimum of around 0.5 and a maximum of around 1.9. Overall, the maximum fitness value is 1.941. After dividing the
real value by 108, the best fit is around 1.6x10°, indicating that a bounded trust threshold of 0.16 fits the dataset better.
Based on Figures 6 and 7, the improved RAGA-IHK model has an optimal ratio of priority connections to domain
connections of 0.7. The generation edge between the near domain and the sub domain is 0.35. The bounded trust
threshold (o) is 0.2. The ratio (V) between the line of negative comments and the benefits of paying attention to
comments is 0.51. The memory threshold (M) is 0.94, and the memory frequency threshold (S) is 2. The results show
that the fitness tends to stabilize after an initial rapid improvement, indicating that the model has found an effective
configuration in the parameter adjustment. This fluctuation in fitness reflects the model's sensitivity and adaptability to
data changes, which can effectively respond to the demands of dynamic changes in public opinion. Based on this
parameter, the original HK model with a trust threshold of 0.2 and the RAGA-IHK model with trust thresholds of 0.01,
0.3, 0.5, and 0.8 are simulated. During this process, the control parameters VV and S remain unchanged. Figure 8
illustrates the results.
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Figure 8. Simulation results of RAGA-IHK model with original HK model and trust thresholds of 0.01, 0.3, 0.5, and 0.8

From Figure 8, in the simulation results of the original HK, the viewpoint values of the population are tightly
concentrated in the two clusters of 0.7 and 0.3 over time. In the RAGA-IHK model, the viewpoint values of the
population no longer converge directly into two clusters. Some of the population whose final opinions converge to 0.4
in the original HK model will gradually evolve towards positive opinions. The reason is that the opinion leader did not
take the mean value of nodes in the opinion neighborhood as the next evolution value. Therefore, opinion leaders are
influenced by ordinary users in a different way and continue to guide public opinion changes. In addition, in the internal
comparison of the RAGA-IHK model, the ratio between the risk of negative opinion loss and the return on opinion
publication is 0.51. The memory threshold is 0.94 and the memory frequency threshold is 2. When the actual trust
threshold is small, the RAGA-IHK model will bias opinions towards positive evolution guidance when the initial
opinions are randomly distributed. On the contrary, it will bias opinions towards negative evolutionary guidance. When
the actual trust threshold is greater than 0.5, the increase in the relevant trust threshold in the RAGA-IHK model will
not have an impact on the actual evolution guidance results. Individual nodes exhibit smoother public opinion changes.

The results reveal the dialectical influence of trust thresholds on the direction of public opinion. A reassuring
environment makes public opinion more likely to be guided by opinion leaders. A higher trust threshold makes public
opinion more stable and avoids extreme phenomena. Therefore, setting an appropriate trust threshold can not only
effectively promote the positive evolution of public opinion, but also reduce the differentiation of public opinion and
effectively guide it. To observe the impact of V values on the evolution guidance model of public opinion, the evolution
guidance process of the RAGA-IHK model is analyzed under V values of 0.01, 0.2, 0.8, and 2.0. This process controls
the parameters o, M, and S unchanged. Figure 9 illustrates the results.
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Figure 9. Convergence of the RAGA-IHK model under different V-values

From Figure 9, when the V value is 0.01, the change in time causes the viewpoint values to converge towards the
three clusters of 0.7, 0.3, and 0, indicating a decreasing trend. When the V value is 0.2, the change in viewpoint values
shows fluctuating changes, with some maintaining fluctuations between 0.1 and 0.4. When the V value is 0.8, the
fluctuation between viewpoint values decreases, with two clusters approaching 1.0 and 0.75. When V is 2.0, the last
cluster of viewpoint values gradually approaches 0.35, indicating an increasing trend. The trend analysis in Figure 9
shows the influence of various V values on the public opinion, especially when the V value is 2.0, public opinion
converges to a more positive tendency. This further emphasizes the leading role of opinion leaders in the evolution of
public opinion in the digital age, especially under a well-managed trust mechanism, positive opinions are more likely to
spread. This result reinforces the significance of social media platforms in public opinion guidance, pointing out that
implementing effective management strategies can leverage opinion leaders to steer public opinion in a positive and
constructive direction.

However, at this point, this viewpoint often has a higher trust threshold compared to ordinary netizens. As a result,
ordinary netizens are not affected. When the V value is low, the same reason makes opinion leader evolve in the direction
of negative opinions. At this point, the difference in trust threshold between the two is not significant, which affects the
development of ordinary netizens in a negative direction. When the V value is large enough, it generally guides public
opinion towards a positive development. To sum up, in the RAGA-IHK model, increasing the punishment measures for
opinion leaders to express negative opinions can influence opinion leader’s ideas to guide the development of public
opinion. According to this idea, directly closing topics on actual social platforms can easily cause public dissatisfaction.
Therefore, in a major public crisis, the government changes the views of opinion leaders in different ways, thus affecting
the views of the masses. In addition, parameters M and S also play a role in the interaction between opinion leaders and
ordinary netizens. When the M value is large, it requires a sufficiently large memory value to affect ordinary netizens.
When the S value is high, it also requires accumulating multiple ideas to have an impact on ordinary netizens. Therefore,
when the ¢ value is 0.2 and the V value is 0.51, four different sets of M and S values are selected for comparison. Figure
10 illustrates the evolution of public opinion at this time.
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Figure 10. Evolution of M and S values in the RAGA-IHK model
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From Figure 10, changing the M and S values has a relatively small impact on the overall trend change. Overall, the
changes in opinion values have evolved to a value of 1, becoming extreme opinions. Some viewpoint values evolve
between 0.5 and 1.0. Some fluctuate between 0.1 and 0.5. In addition, smaller M values lead to more stable opinion
changes, indicating that enhancing public memory of opinion leaders' opinions is not the only key factor. Faced with
public opinion, ordinary netizens rely more on the trust and influence of opinion leaders rather than the quantity of a
single viewpoint. This discovery suggests that in public opinion guidance, attention should be paid to the importance of
establishing good trust relationships, rather than just increasing frequent contact with information. To sum up, the
memory model is a way to introduce opinion leaders views into the overall model. However, the differences in their
values only have a slight impact on the changes in specific opinion values, and do not have any impact on the overall
trend of public opinion. Therefore, changing the parameter values in public opinion guidance can play a more effective
role in leading the overall opinion towards a positive direction. On this basis, to further validate the practicality of the
RAGA-IHK model, the “Chongqing Public Transport Falling into the River Incident” is used as the validation set for
subsequent analysis. The data volume and relevant excerpts from Weibo from October 28th to November 4th of this
event are shown in Table 1.

Table 1. From October 28th to November 4th, the amount of Weibo data and excerpts from Weibo data for this event

The amount of Weibo data for this event

1 2 3 4 5 6 7 8

Data volume 9,545 6,321 5,125 5,001 3,945 20,000 8,215 2,516

Selected Weibo data

Time Content Like count Number of comments
[# People’s Daily News #] [Chongging Wanzhou Bus Falling into the
12:00 River and colliding with a small car, then rushing out of the guardrail 367 454
10.28 and falling into the river]
. #Will the female driver wearing high heels on Chongging Zhuojiang
15:00 No. 22 bus really hurt you? 12 10
. Chongging Wanzhou Bus Falling into the River: The second batch
11.30 12:00 of divers got out of the water and retrieved the bodies of two victims. 18 1
. #Chongqing Wanzhou Bus Falling into the River # Announcement
11.02 10:28 of the Reasons for Chongqing Bus Falling into the River 910 562
11.04 10:28 Summary of Wanzhou Bus Falling into the River: If you don’t stand 29 16

guard for justice, you will have to be buried with evil!

From Table 1, climax occurs first during this time period. As the rescue progress progresses, the heat is gradually
declining. However, public opinion reaches the highest point after the cause of the accident is announced. The data
volume in Table 1 indicates that the activity level of Weibo is closely related to the progress of events over time. The
high consistency between data peak and event information updates (such as accident cause announcements) emphasizes
the immediacy of social media in information dissemination. By analyzing these data, decision-makers can better
understand the changes in public sentiment and the ups and downs of public opinion, providing strong data support for
responding to crises. Therefore, after using Jieba for word segmentation processing, WordCloud for word segmentation
display, and SnowNlp for data sentiment analysis, the initial and final sentiment value distributions before the Black
Clip is published, as shown in Figure 11.
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Figure 11. Initial emotional value distribution and final emotional value distribution results
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From Figure 11, the initial and final emotional values initially reach the highest values, followed by fluctuations.
Therefore, during the initial emotion analysis, the top 5% of users who score and forward are regarded as the actual
opinion leader. Figure 11 shows that over time, the sentiment value fluctuates and then stabilizes, reflecting the
sensitivity of public sentiment to information dissemination. When the data shows a significant change in emotional
values, it indicates the strong impact of a specific event on public sentiment. This result can help decision-makers
respond promptly after an event occurs, reduce negative emotions by controlling information release and public opinion
guidance, and enhance public recognition. According to Figure 7, ¢ is 0.15, ¥V is 0.61, M is 0.19, and S is 2. The initial
emotional distribution values are imported into the RAGA-IHK model in MATLAB. The evolution process of public
opinion before releasing Black Clip is shown in Figure 12.
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Figure 12. The evolution process of public opinion before releasing Black Clip

From Figure 12, the viewpoint values of the time lapse model tend to converge to multiple numerical values, at 0.9,
0.3, and 0.05, respectively. There is a fluctuation phenomenon when the values are between 0.6 and 0.85. Overall, the
final evolution result is 1.81, which is close to 2.0. The evolution of public opinion in Figure 12 shows the fluctuations
in public sentiment at different stages of the event. After releasing the black clip, there was a huge change in public
opinion trends. This phenomenon highlights the significance of information control in public crises, indicating that
timely and effective information dissemination strategies can significantly influence the direction of public opinion and
help alleviate public anxiety and unease. Therefore, another analysis is conducted on it. The initial data is sentiment
analysis data from November 2nd. The final comparison result is emotional data from November 8th to 10th. The results
of the Black Clip exposure and the evolution process of public opinion are illustrated in Figure 13.
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Figure 13. The results of Black Clip exposure and the evolution of public opinion
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From Figure 13, both the initial and final emotional values reach their highest levels at the beginning. The difference
is that the final emotional value also has a large emotional value when the emotional probability is between 0.8 and 1.0.
Based on this result, when ¢ is 0.2, V is 0.51, M is 0.94, and S is 2, the ratio of positive and negative opinion leaders is
0.399. The final evolution result is 1.85, which is also close to 2.0. Figure 13 shows the public opinion feedback after
exploring the Black Clip. The emotional value has significantly increased, reflecting the public's high attention and
intense discussion on the incident. This indicates the duality of social media in public crises. On the one hand, it can
quickly disseminate information and improve transparency. On the other hand, it may also exacerbate pain and trigger
rumors. Therefore, the research results emphasize the sense of responsibility of social platforms in information release.
Persistent emotional fluctuations should prompt platforms to enhance content review and the reliability of information
sources to ensure the stability of public opinion. To demonstrate the evolutionary effect of the RAGA-IHK model, HK
noise model and Deffaunt model are introduced. The two models are compared with the original HK model and RAGA-
IHK model. Table 2 illustrates the results

Table 2. Comparison results of different models

Real data HK RAGA-IHK HK noise Memory Deffaunt
Convergence duration Long Short Longer Long Long
Convergent cluster Incomplete convergence 2 4 Incomplete convergence 3
Mean Opinion 0.320 0.430 0.370 0.402 0.670
Front/Back 0.333 0.720 0.399 0.656 0.630

From Table 2, the RAGA-IHK model has converged to 4 clusters. Meanwhile, the mean positive/negative and
opinion values are 0.399 and 0.370, respectively, which are closest to the real data. Table 2 compares the performance
of the RAGA-IHK model with the traditional HK model. The results indicate that RAGA-IHK outperforms other models
in multiple dimensions. This not only proves the effectiveness of introducing opinion leaders and improving network
topology, but also provides empirical evidence for optimizing future public opinion guidance mechanisms. In highly
complex public crises, the improved model can provide practical tools and strategies for crisis management, with
significant theoretical and practical value.

The study aims to verify the dynamic and real-time performance of the RAGA-IHK model in handling real-time
crisis scenarios, especially by comparing it with existing studies to evaluate its effectiveness. The comparison methods
include those proposed in references [5-7]. The study selects multiple crisis events that break out on social media as
cases, such as the "COVID-19 pandemic" and the "COVID-19 vaccination controversy”. The research utilizes web
crawlers to capture social media data in real-time during these crisis events, ensuring the timely, accurate and rich
relevant information, including comments, likes, shares, etc. The method in Vrontis et al. [5] study, is the traditional HK
model. Zhang et al. [6] employed sentiment analysis and an opinion evolution model based on a fixed threshold. The
method in Liu et al. [7] is an improved emotion propagation model. The experimental evaluation indicators are the
convergence speed of viewpoints, the fluctuation range of emotional values, and the influence of negative public
opinions. To demonstrate the real-time performance of the model in crisis events, the study sets different time nodes,
namely 1 hour, 3 hours, 6 hours, and 12 hours. The specific results are shown in Table 3.

Table 3. The dynamics and real-time performance of the model in real-time crisis scenarios

Time Model The speed_ of convergence of The fluct_uation range of Degree of i_nflugn_ce of negative
viewpoints emotional values public opinion (%)

RAGA-IHK 25 0.12 22

1h Vrontis et al. [5] 10 0.25 38
Zhang et al. [6] 15 0.20 30

Liuetal. [7] 12 0.18 33

RAGA-IHK 45 0.08 15

ah Vrontis et al. [5] 20 0.30 40
Zhang et al. [6] 25 0.15 28

Liuetal. [7] 22 0.22 35

RAGA-IHK 60 0.05 10

oh Vrontis et al. [5] 30 0.35 50
Zhang et al. [6] 35 0.12 25

Liuetal. [7] 30 0.20 30

RAGA-IHK 80 0.03 5

19 Vrontis et al. [5] 40 0.40 60
Zhang et al. [6] 40 0.10 20

Liuetal. [7] 32 0.18 28
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Table 3 shows the dynamic and real-time performance of different models in handling the evolution of public opinion
in real-time crisis scenarios. The RAGA-IHK model shows that at each time point, viewpoints converge faster and
emotional fluctuations are smaller. At the 1-hour time point, the viewpoint convergence speed of the RAGA-IHK model
reaches 25, significantly exceeding that of the other three methods. Over time, the convergence rates of the model at 3
hours, 6 hours and 12 hours rise to 45, 60, and finally 80, respectively. The emotional fluctuations gradually decrease,
and the influence of negative public opinions also drops to 5. This result indicates that the RAGA-IHK model can more
effectively guide public sentiment and quickly generate consensus in crisis events.

In the current social media environment, robots and fake accounts have significant impacts on the formation and
dissemination of public opinion. The RAGA-IHK model needs to effectively handle crisis events. This study suggests
introducing a robot monitoring mechanism in the model to filter out potential fake accounts by identifying their activity
patterns and behavioral characteristics. In addition, the model can design weight strategies for different types of
accounts, treating the public opinion dissemination influence of real users and fake accounts differently. This strategy
not only helps to improve the accuracy of the model in the evolution of public opinion, but also enhances the rationality
and effectiveness of the final decision. In addition, integrating the data analysis tools of social networking platforms
themselves can monitor and eradicate these fake accounts in real time, ensuring that public opinion develops on the basis
of real users.

5. Conclusion

The current model for guiding the evolution of public opinion ignores the driving factors of opinion leaders and does
not fully consider the network topology of actual public opinion. Therefore, the HK model is improved by BA scale-
free network. RAGA is introduced and its parameter selection process is optimized to obtain the RAGA-IHK model.
The effectiveness is experimentally analyzed. The experimental results show that when the parameters ¥V and S remain
unchanged and ¢ values are adjusted, some of the population in the RAGA-IHK model whose final views converge to
0.4 in the original HK model will gradually evolve towards positive opinions. When the control parameters ¢, M, and
S remain unchanged, and the V value is 0.01, the passage of time causes the viewpoint values to converge towards the
three clusters of 0.7, 0.3, and 0, indicating a decreasing trend. When applied to the actual case validation set, the
evolution results of the Black Clip before and after publication are 1.81 and 1.85, both close to 2. The RAGA-IHK
model has converged to 4 clusters. The mean positive/negative and opinion values are 0.399 and 0.370, respectively,
which are closest to real data. To sum up, in the RAGA-IHK model, the concept of opinion leaders can be influenced
by increasing the punishment measures for opinion leaders to express negative opinions. Furthermore, it guides the
development of public opinion with effectiveness, which has high performance and practicality in practical applications.
Although the research effectively analyzes the evolution of public opinion in Chinese social media through the RAGA-
IHK model, there are still certain limitations. The research mainly relies on Chinese social media datasets for model
testing and fails to explore social media platforms in other language or cultural contexts. This limits the wide
applicability of the model, making the research results possibly unable to fully reflect the complexity of the evolution
of public opinion on a global scale. Future research may consider introducing multi-channel social media datasets for
cross-platform comparative analysis to verify the applicability of the model in different social media environments.
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