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SUMMARY

Zhang Zehua: The impact of the inclusion of skateboarding in the Olympic Games on

the case of China.

the development of skateboarding programs

(Under the supervision of Kristine Toohey, Emeritus Professor)

The purpose of this study is to analyze the impact of the introduction of skateboarding
to the Olympics Games on the development of skateboarding in The People’s
Republic of China. This paper analyzes the relevant comments on skateboarding on
Chinese social media before and after skateboarding's inclusion in the Olympics
Games using web python, the theory of life cycle, and sentiment analysis theory, in
order to investigate resultant changes in public awareness and emotions. The
Olympics attracts worldwide attention. The result of this paper provide suggestions
for the long-term development of skateboarding. In the study, first collected data
about skateboarding discussion from Weibo using web python technology and
analyzed the data using sentiment analysis theory to study the change of the public's
emotional tendency towards skateboarding. Then, analyzed the discussion trends of
skateboarding in Weibo using the theory of life cycle to understand the change of
public sentiment after skateboarding joined the Olympic Games from the perspective
of the public. The results show that after skateboarding was included in the Olympics
Games, the public's attention and positive emotions towards skateboarding increased.
At the same time, through the analysis of the life cycle theory, I observed different
stage characteristics in the discussion of skateboarding on Weibo, which is of great
significance for understanding the development trajectory of skateboarding. Based on
the comprehensive analysis results, this paper proposes some suggestions, including
strengthening the promotion of skateboarding on social media, promoting the
popularization of skateboarding culture, and improving the infrastructure of
skateboarding projects. These suggestions may contribute to further promoting the
development of skateboarding and provide references for the development of similar

projects.
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CHAPTER1

INTRODUCTION

1.1 Introduction to Skateboarding Projects
Skateboarding, as an emerging sport, is beloved and admired by young people. It
originated from street culture and is a unique experience that combines sports, art, and
freedom. However, over time, skateboarding has complemented street culture,
evolving into a highly respected competitive sport. Its growth has even led it to the
Olympic stage, becoming an official event in the Olympic Games.
Skateboarding originated in California, United States in the 1950s (Lombard, 2015). It
initially began as a way for surf enthusiasts to enjoy themselves on land when there
were no waves. They attached roller skate equipment to a wooden board and imitated
the feeling of surfing through actions such as sliding and jumping, thus giving birth to
skateboarding. As time went on, this sport gradually became popular among young
people in the United States and spread to various parts of the world.
Skateboarding is divided into multiple levels, including street skateboarding, park
skateboarding, and vertical skateboarding, each with its unique techniques and
competition rules. These competitions are not only held worldwide but also attract a
large number of spectators and sponsors.
With the professionalization of skateboarding, more and more professional
skateboarders have emerged. Through long periods of training and competitions, they
have mastered various difficult techniques and have demonstrated amazing
performances in competitions. Some well-known skateboarders such as Tony Hawk,
and Nyjah Huston have become legendary figures in the skateboarding community.
Their performances not only inspire more young people to join skateboarding but also
bring more attention to the sport.
In 2016, the International Skateboarding Federation (ISF) successfully recommended
skateboarding as an official event in the Olympic Games, and it made its first

appearance at the 2020 Tokyo Olympics. The formal inclusion of skateboarding in the



Olympics signifies that the sport has transformed from a street culture into an

internationally recognized competitive sport.

1.2 The Importance of New Olympic Sports
The Olympic Games, organized by the International Olympic Committee(I0C),
is one of the largest and most influential comprehensive sports events in the world
(Malfas et al., 2004). In 1894, Pierre de Coubertin, known as the ‘father of the modern
Olympics,’ decided to establish the International Olympic Committee and initiate the
modern Olympic movement. Since the first modern Olympic Games held in Athens,
Greece in 1896, it has experienced nearly 130 years of ups and downs, hosting 32
editions. The first Olympic Games had a total of 9 major events, and the Tokyo
Olympic Games in 2020 had 33 major events and 339 sub-events, reflecting the
development trend of the Olympic movement (Jiao & Song, 2023). The Olympic
Games demonstrate the various functions of sports, encourage more people to
participate in sports to keep fit and feel happiness, Youth Olympics play the
educational significance of sports, and their influence goes far beyond the scope of
sports, producing a series of significant impacts in contemporary world politics,
economy, philosophy, culture, art, and news media (Scheu et al., 2021). According to
the 51st Statistical Report on the Development of China's Internet issued in March
2023, as of December 2022, the number of Chinese Internet users has increased by
35.49 million compared to December 2021, reaching 1.067 billion, and the popularity
of the Internet has reached 75.6%. The proportion of Internet users accessing the
Internet through mobile phones is as high as 99.6% (China Internet Network
Information Center, 2023). With the widespread use of the Internet, the way
information is disseminated has undergone significant changes. Compared to
traditional paper-based information dissemination, the internet as a medium has
broadened the channels for user comments and communication. People share their
lives on social media platforms, express their opinions on social hot topics, and
engage in mutual exchange of ideas, resulting in a surge in platform data. Internet
users have also transformed from passive recipients of internet information to
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producers of information. These textual data often contain users' subjective emotions
towards specific objects, and analyzing the emotional information in these data can
bring significant benefits to governments, sports enterprises, and ordinary users(Zhou
etal., 2019).

Olympic sports, as the pinnacle stage of athletics, have evolved and changed to adapt
to the development of society and the interests of people (Garcia, 2008). As a road
map for the reform of Olympic sports, the Olympic Agenda 2020 proposed that the
Olympic Games should be more flexible, innovative, sustainable, and gender equal in
terms of the selection of Olympic events (Thorpe & Wheaton, 2019). The inclusion of
different sports in the Olympic Games will undoubtedly attract unprecedented
attention and discussion, and will also lead to new trends and directions in sports.
Among them, the introduction of new sports is considered one of the key factors for
the continuous attraction of global audiences and athletes to Olympic sports(Hao,
2019). This study focuses on skateboarding as a new addition to the Olympic Games,
exploring the changes in public attitude towards skateboarding after its inclusion.
With the continuous development of Olympic sports, the introduction of new sports
not only expands the diversity of the Olympic Games but also provides a global
platform for the newly included sports. This expansion not only has a profound
impact on participating countries and athletes but also shapes the public's attitude and
perception of different sports. The inclusion of skateboarding, as a highly fashionable
and youthful sport, has attracted widespread attention (Beal et al., 2017).

Therefore, studying the performance of skateboarding on the Olympic stage and its

impact on public perception has both theoretical and practical significance.

1.3 Theoretical Basis
With the inclusion of skateboarding as part of the Olympic Games, the sport’s
influence has gradually expanded globally and has garnered widespread attention. To
better understand the change in public attitudes towards skateboarding and the impact
of the Olympics on the development of the sport, a thorough analysis based on a
series of theoretical frameworks is required. This study will comprehensively explore
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the attitude change and development impact of skateboarding after its inclusion in the
Olympics, based on the theories of Olympic influence, sentiment analysis, and event
analysis.

The literature reviewed for this study included materials investigating research of
event network public opinion, the research on the evolution of public opinion, and
research on sentiment and themes. This lead to the identification of existing problems
in the research on the evolution of event network public opinion, and thus the use of a
sentiment classification model and theme evolution analysis method for this study.
The study then introduces the application of the lifecycle theory and cognitive
affective appraisal theory, providing a theoretical basis and laying a solid foundation
for the subsequent research. The study also explores how the addition of
skateboarding as a new Olympic event shapes public perception.

This study will comprehensively utilize theories of the influence of the Olympics,
emotional analysis methods, public opinion analysis methods, and event analysis
methods to deeply analyze the changes in the public's attitude towards skateboarding
after its inclusion in the Olympics and its impact on the development of skateboarding
in the People Republic of China. Through the combination of theories, I hope to
comprehensively interpret the profound impact of the Olympics as a global sporting
event on skateboarding, providing beneficial insights for its future development on the
international sports stage.

1.3.1 Theory of Olympic Influence

The Olympic Games, as one of the largest sporting events in the world, possess a
unique and powerful influence. Its global platform for dissemination has made the
Olympics a medium that leads sports development and changes public perceptions.
The theory of Olympic influence emphasizes that this international event can promote
sports to the world stage and influence people's cognition and attitudes through
various channels such as media and social platforms (Lopez et al., 2020). As a newly
added Olympic event, skateboarding will be shaped by this theory of influence,
thereby triggering a change in public attitudes towards the sport.

1.3.2 Emotional Analysis Method



The emotional analysis method plays an important role in studying the attitude
changes of the public towards skateboarding projects (Wheaton et al., 2017). This
method focuses on individuals' emotional experiences towards specific topics or
events, revealing public preferences, attitudes, and emotional fluctuations through the
analysis of language and emotional expressions on social media. By applying
emotional analysis, it is possible to can gain a deep understanding of the emotional
responses triggered by skateboarding joining and officially appearing in the Olympic
Games, thereby interpreting the public's attitude changes towards this project.

1.3.3 Event Analysis Method

The event analysis method emphasizes the profound impact of large-scale events that
occur at specific times and places on society (Coalter & Taylor, 2009). As a global
mega-event, the Olympics not only has a significant impact on the host city but also
attracts worldwide attention. Applying the event analysis method to the context of
skateboarding joining the Olympics helps to understand the driving force of the

Olympics for the development of skateboarding and its enduring impact on the public.

1.4 Research Questions
This study will focus on the following questions: RQ1: What changes have occurred
in public perception of skateboarding as an Olympic sport? RQ2: The peak period of
emotional changes is at what stage? RQ3: What kind of public opinion atmosphere
has arisen as a result of these changes? RQ4: How has the Olympic platform
influenced the recognition and acceptance of skateboarding among the Chinese

population?

1.5 Hypothesis
Based on the theories of the lifecycle theory, the emotional analysis theory, and the
universal trend of adding new events to the Olympics, I assume that the introduction
of skateboarding as an Olympic event will lead to positive changes in public
perception of this sport. In this study, I will comprehensively explore these issues
through event analysis, public opinion analysis, and sentiment analysis, among other
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methods, in order to provide new perspectives and insights for future studies of new
Olympic events. By gaining a deeper understanding of public perception of
skateboarding, I hope to provide valuable insights for the future development of this

sport and the evolution of Olympic sports.

1.6 Limitation
This article focuses on the selection of comments regarding the inclusion of
skateboarding in the Olympic Games. The comments analyzed are mainly from active
youth users of Chinese social media platforms, and the sample does not represent the
opinions of all internet users. Future research should consider using data from
different types of media platforms or other techniques to obtain a more
comprehensive understanding of public opinion. Additionally, this study only
investigates skateboarding as a new addition to the Olympic Games, and it is
unknown whether there are differences in public opinion between skateboarding and

other sports.



CHAPTER ]I

LITERATURE REVIVEW

This chapter presents relevant research conducted on the thesis topic. It also provides
a brief introduction to the relevant theories used in the study’s analysis specifically
regarding the emotional evolution and thematic characteristics analysis of the network

public opinion events.

2.1 Conceptual Research on Network Public Opinion Events
Public opinion, as a concept that has developed in the Chinese context, was initially
understood by Chinese scholars as the social and political attitudes of the public. In a
certain social environment, the concept of public opinion has a profound influence on
the values, political orientations, and social attitudes of the public as social actors,
revolving around mediated social events. In the specific Chinese context, public
opinion refers to the values, emotional expressions, and behavioral tendencies of the
public (including individuals and various social groups) towards a certain type of
event(Tao, 2014). In the era of new media, the expansive dissemination of the Internet,
mobile phones, and other self-media has broadened the channels and methods through
which the public obtains information, optimized the pathways of information
dissemination, intensified the dissemination of public opinion information, and
expanded the scope of dissemination, increased the speed of dissemination, and
complicated the pathways of dissemination, resulting in an increase in the intensity
and breadth of public opinion dissemination compared to the old media era (Tang,
2015). Network public opinion, on the other hand, emerged based on the development
of the Internet and represents a particular type within social public opinion(Liu, 2012).
Currently, scholars have not yet reached a consensus on the definition of network
public opinion. Ji (2007) studied network public opinion and defined it as the social
and political views held by netizens. Li et al. (2015), on the other hand, regarded
network public opinion as the sum of the various emotions, attitudes, and

understanding displayed by people after a certain event. In addition, Zeng(2014),



Zhou(2016), and others defined network public opinion as the expression of the
public's opinions and insights on public events with the help of the media on online
platforms. Feng et al. (2012) conducted research and pointed out that in the era of new
media, the dissemination of public opinion is characterized by rapid speed, wide
breadth, difficulty in control, intensified interaction and influence of information
exchange, difficulty in verifying the source, and a greater prevalence of negative
emotions. Li et al. (2014) also conducted research and identified characteristics of
public opinion dissemination such as the generalization and popularization of subjects,
the complexity of content, the interaction in the dissemination process, the rapid
formation of public opinion, the diversification of the dissemination process, the
uncontrollability of dissemination, and the polarization of public opinion groups. In
summary, as a form of public expression of social situations, public opinion
dissemination rapidly spreads among various social groups through modern
communication means, exhibiting its own characteristics during the dissemination
process.

Sports events, as significant social phenomena, have a profound impact on the local
economy and society (He & Li, 2008). The organization of sports events is influenced
to a certain extent by the social environment in which they take place. Sports events
receive high levels of attention. For example, the live broadcast of the opening
ceremony of the Beijing Olympics was watched by up to 1 billion people, creating the
highest viewership in human history. The sixth game of the 2013 NBA Finals had a
viewership rating of 14.7 in North America, making it the highest-rated program in
the United States that year (Foster et al., 2014). The high level of attention and the
dynamic interaction between sports events and politics, society, and the economy
intensify the attention received by sports events. The speed and breadth of public
opinion dissemination about sports events also increase in line with the level and
breadth of attention received (Xie et al., 2022). Based on research on online public
opinion, Jin (2014) believes that the analysis of online public opinion is increasingly
mature and has been successfully applied in related fields, such as online crisis public
relations, social hot spot tracking, marketing activities effect monitoring and
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advertising media research and so on. But its application in the field of sports is still
in its infancy. Sun et al. (2017) argue that the dissemination of sports information on
the internet exhibits strong characteristics, showing a strong tendency towards
youthfulness and using intuitive and concise forms of expression. In the era of new
media, public opinion, as a form of social network communication, spreads along
social networks, and the dissemination of sports events follows the same pattern. The
dissemination of public opinion about sports events is characterized by responsibility,
interactivity, and variability, and is accompanied by fast dissemination and high levels
of attention. While sports events receive attention, the changes in sports events,
especially in events like the Olympic Games, are also closely watched (Fan, 2019).

Based on the understanding and definition of the concept of network public opinion
about events by scholars mentioned above, this article accepts that network public
opinion about events refers to the sum of the media and the public expressing their
views, opinions, and emotions about the events through social media platforms such
as Weibo and WeChat. In the context of this thesis, social media and the inclusion of
skateboarding as an official Olympic event and its first appearance in the Olympics

serve as the context of the study.

2.2 Lifecycle Theory

The theory of the life cycle is involved in many fields such as business, economy,
society, and environment. It is a theory that integrates multiple disciplines and
domains. It originated in the field of biology, which believes that the life cycle is an
objective law followed by all organisms in the natural world. It reveals the repetitive
process that every individual in nature will go through, from formation to eventual
extinction. The original life cycle theory in the field of biology refers to the individual
meaning, but it has now been expanded and extended to other new fields, such as
product life cycle, demand life cycle, and so on (Zhao, 2003).

Sudden online public opinion events also have a certain life cycle, that is, any specific
event will follow the law of formation and eventual decline (Liu, 2019). Therefore,
many scholars, in order to study the characteristics of stage changes in the network
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public opinion of sudden events, have divided the entire process of sudden events into
three stages or four stages, or even more stages, using the life cycle theory. Du et al.
(2017) used a three-stage model to explore the evolutionary patterns of network
public opinion in different sudden events. Hou and Zhang (2018) studied the
dissemination mechanism of negative public opinion information in sudden events,
mainly including the stages of opinion brewing, dissemination, change, and decline.
In addition, Cui et al. (2018) divided the development cycle of network public opinion
into six periods: emergence, outbreak, dissemination, diffusion, recurrence, decline,
and long tail. Wang (2023) analyzed the mechanism of public opinion guidance for
sudden events in the era of digital intelligence from the perspective of sports events,
and it can be divided into five operational levels: monitoring and early warning
mechanism, judgment mechanism, response mechanism, evaluation mechanism, and
communication feedback mechanism. Kwon & Oh (2019) have conducted exploratory
research on the life cycle of international sports events, and Shin (2007) identified
boxing as a "product" and used the product life cycle theory to analyze changes in the

popularity of boxing.

2.3 Cognitive-Affective Appraisal Theory

Emotion is an individual's attitude towards something that satisfies their needs (Du,
2014). With the development of computer applications, people have become aware of
the limitations of computer technology in understanding emotions. To address this
issue, scholars have integrated cognitive psychology and computer science, using
rule-based language to provide a scientific theoretical basis for emotion evaluation in
the field of computer science. Currently, researchers widely use the OCC model to
create rule-based models of emotional cognition (Adam, Herzig, & Longin, 2009).

Ortony, Clore, and Collins (1988) proposed the Cognitive Appraisal Model of
Emotions, known as the OCC model. The OCC model, named after Ortony, Clore,
and Collins presented their 1988 book "The Cognitive Structure of Emotions," is a
cognitive-emotional evaluation model. It classifies human emotions into twenty-two
types based on three major dimensions: Consequences of Events, Action of Agents,
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and Aspects of Objects. According to the OCC model, humans have 22 different
emotions, each generated through different paths based on criteria, triggers, and
intensity dimensions. The model presents a comprehensive and detailed tree structure,
branching out various emotions based on the outcomes of events, the image of objects,
and the behavior of objects. It has been widely cited by researchers both domestically
and internationally. Currently, the OCC model is mainly applied in theoretical logic
formalization, artificial intelligence, and e-education fields, with limited use in text
processing(Huangpu & Mao, 2017). Shaikh et al. (2006) demonstrated the feasibility
of using the cognitive appraisal model for sentiment classification of text. Pang (2008)
developed a model for text sentiment recognition based on the OCC cognitive
appraisal model, and comparative experiments showed that the OCC text sentiment
recognition model outperforms other models due to the consideration of cognitive
appraisal elements.

Here are some examples of emotions and their triggers based on the OCC model:
Happiness: Generated when an event or object is appraised as relevant to one's goals
and conducive to achieving them. For example, receiving praise for a job well done
can trigger feelings of happiness. Sadness: Arises when an event or object is appraised
as relevant to one's goals but not conducive to achieving them. For instance, the loss
of a loved one can evoke feelings of sadness. Anger: Triggered by appraisals of an
event or object as obstructing or thwarting one's goals. For example, being unfairly
criticized or treated can lead to feelings of anger. Fear: Generated when an event or
object is appraised as posing a threat or danger. For instance, encountering a wild
animal in the wilderness can evoke feelings of fear. Surprise: Arises when an event or
object is appraised as unexpected or incongruent with one's expectations. For example,
receiving an unexpected gift can trigger feelings of surprise. Disgust: Triggered by
appraisals of an event or object as offensive or repulsive. For instance, encountering
spoiled food can evoke feelings of disgust.These examples illustrate how different
emotions can be generated through cognitive appraisals of various events, objects, and

behaviors, as proposed by the OCC model(Luo, 2023).
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However, there is limited research on using the OCC model for online public opinion
detection in China. While there are some studies in this area, they are relatively few in
number and scope compared to the overall research landscape. This study aims to
combine the OCC model with deep learning model to describe the emotional states of

netizens' Weibo posts, providing a new approach and method for public opinion

detection(Liu, 2018).
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CHAPTER III

METHODOLOGY

This chapter explains the methodology used in this study. It explores the sentiment
analysis of public opinion texts in event networks, which refers to the collective
expressions of emotions and opinions by netizens on social media platforms regarding
relevant events. Therefore, sentiment identification of public opinion texts is one of
the key focuses in studying event network public opinion. This chapter will construct
an event network public opinion sentiment classification model based on Ortony,
Clore, and Collins model & Bidirectional Encoder Representations from Transformers
(OCC-BERT). The sentiment classification model mainly consists of OCC cognitive
emotion rules and BERT deep learning algorithm. This chapter will elaborate on the
implementation process of these two methods and verify the performance of this

sentiment classification model through experiments.

3.1 Model construction
Based on the current domestic and international research results on emotion
classification, commonly used emotion classification methods include sentiment
lexicon method, machine learning method, and deep learning method. Machine
learning method and deep learning method provide many classification algorithms
with high accuracy, but to some extent, they rely on the accuracy of the emotion
category labels in the dataset. In the past, emotion category labels in the dataset were
generally annotated manually, and this annotation method has a large degree of
subjectivity and lacks theoretical support, which may lead to a decrease in the
accuracy of emotion classification models (You et al., 2022). In order to solve this
problem, this chapter introduces methods from the field of psychology and formulates
OCC emotion classification rules based on the OCC model cognitive framework,
which are used to annotate the emotion categories of textual data on sudden events in
online public opinion, in order to reduce the subjectivity of emotion judgment to some

extent. At the same time, considering the huge scale of textual data on sudden events
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in online public opinion and the low efficiency of manual annotation, the
Bidirectional Encoder Representations from Transformers(BERT) model in deep
learning technology is referenced to automatically identify emotional categories of
textual data on sudden events in online public opinion. BERT is a pre-training
language model developed by Google, which can be used to generate and process
natural language texts. In the BERT model, both the input and output are a set of
pre-trained word sequences, and the core encoding architecture is a multi-layer
bidirectional Transformer(Li et al, 2023). This paper applies the pre-training model
and fine-tuning steps of BERT to the sentiment classification of event network public
opinion. This study collected and obtained textual data on sudden events in online
public opinion, and labeled the emotional data according to OCC rules, outputted
three categories of positive, negative, and neutral emotional labels of textual data on
online public opinion as the training set for pre-training and fine-tuning in the BERT
model. Then, the collected textual data on sudden events in online public opinion was
input into the trained OCC-BERT model to recognize the emotions of the predicted
textual data, and finally outputted the emotion classification results of a large-scale
textual data. The specific methodology stages are shown in Figure 1.

Figure 1. Research roadmap
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3.2 OCC cognitive emotion evaluation model
3.2.1 Overview of the OCC model.
Emotions play a role in the process of interaction between individuals, serving as a
means of expressing opinions. People need to explore emotions and express opinions
through the use of emotional models (De et al., 2012). The OCC model, named after
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Ortony, Clore, and Collins presented their 1988 book "The Cognitive Structure of
Emotions," is a cognitive-emotional evaluation model. It classifies human emotions
into twenty-two types based on three major dimensions: Consequences of Events,
Action of Agents, and Aspects of Objects. The first category focuses on whether the
outcome of an event is pleasant or not. The second category emphasizes whether the
behavior of the object in the event is satisfactory. The third category focuses on
whether the object itself in the event is likable. Different emotions within each
category are further differentiated and categorized into twenty-two different emotional
states based on their intensity and causes. The structure of the OCC model is shown in
Figure 2(Ortony, Clore, & Collins, 1988).

Figure 2. Classic OCC model structure diagram
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In the OCC model, emotions are the result of a cognitive judgment process. The

generation process is as follows:
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(1)Classification: Evaluation in the OCC model relies on three components:
consequences of events; action of agents; and aspects of objects. It is necessary to
classify them initially in order to evaluate the emotional impact of three evaluation
criteria on the information recipient. In the process of evaluation, if the focus is on the
consequences of events, the target is the main concern. If the evaluator attaches more
importance to the behavior of the object in the event, the behavior criterion is the
main concern. If the evaluator focuses on the image of the object, then the attitude
towards the evaluation object itself, whether it is love, hate, sadness, or resentment, is
the main concern (Ortony, Clore, & Collins, 1988).

(2) Quantification: Consideration is given to whether the information recipient's
acceptance of the information is strong enough and whether it will have an impact on
their emotional state (Yang, 2018).

(3) Mapping: As shown in Figure 2., the OCC model classifies human emotions into
twenty-two types through the three main evaluation dimensions in the classification
process and a series of subsequent emotional triggering conditions. These emotions
include "Love," "Joy," "Distress," "Shame," and so on. Each emotion type has its own
unique generation path. Taking the emotion of "Shame" as an example, its generation
path is as follows: the emotional dimension is a reaction to the behavior of the object -
the behavior of the object is not satisfactory and praiseworthy - attention is focused on
oneself - negative evaluation of behavior - "Shame." All twenty-two emotions can be
mapped to fewer dimensions, simplifying the mapping and categorizing all emotions
into six types. Emotions can also be mapped into positive and negative
polarities(Dong, 2008). This study simplifies the mapping of the emotional model and
categorizes the sentiment of public opinion comments on sudden events into positive
sentiment, negative sentiment, and neutral sentiment.

(4) Expression: The emotions generated by the aforementioned series of triggers exist
in the minds of the emotion generators and need to be manifested through expression
methods. Typically, facial expressions, body language, and words are used for
expression. Different emotions have their own unique ways and means of expression.
For example, someone may express a happy mood with a relaxed and pleasant tone
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while smiling and speaking. Comments posted online can also express one's emotions
and viewpoints. For example, when discussing a hot topic on a forum, netizens will
voice their opinions to express their different views (Yao, 2009). In this study, the
sentiment of public opinion on sudden sport events is analyzed through online social
platforms. Therefore, facial expressions and body language of evaluators cannot be
obtained, but emotions are identified through the content and tone of the texts posted
by netizens. In order to make the sentiment labeling system of online public opinion
"reasonable and standardized," this research refers to the aforementioned OCC
emotional model with a rational and clear structure.

In order to better adapt to the emotional classification of netizens during sport events,
the OCC model is simplified and emotional rules are established based on the actual
background of public opinion on sudden events, as explained below.

3.2.2 Simplified OCC model

According to the OCC model people's emotional states can be classified into 22
different types, however they may feel confused when trying to distinguish all
emotions in detail, making it difficult to apply the model to sudden event network
public opinion. This study focuses on the text of sudden event network public opinion
on Weibo platform, so for this thesis the OCC model was simplified based on the
actual situation of event network public opinion Weibo text, in order to apply it to the
emotional classification of netizens in sudden event network public opinion. The
following paragraph explains the analysis of sudden event network public opinion text
combined with specific situations:

(1) When the public expresses their views and attitudes towards a particular event
online, significant differences among individuals can be observed. Due to diverse
upbringing environments, they hold different sets of values, leading to varying
evaluations of the same event based on their respective standards(Yang, 2014).

(2) The public has anonymity in the online environment, and when netizens deal with
sudden events in a situation where they do not know each other, they tend to take a
third-party perspective, so their opinions are more directed towards others rather than
themselves (Zheng, 2011).
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(3) Topics in the corpus related to events contain more negative emotions than other
related events(Huang et al., 2015).

(4) No evaluation of the object itself. In event network public opinion, netizens focus
on the event itself and the behavior of the objects involved, and they do not pay
attention to or evaluate the image of the object itself(Zhang & Luo, 2021).

Based on the above analysis of the features of event network public opinion text, this
study simplifies the OCC model that includes complex emotions and maps it into
three categories: positive, negative, and neutral emotions, as shown in Figure 3., to
adapt to the construction of OCC model for sports event network public opinion.

Figure 3. OCC affective cognitive model of online public opinion of sports events
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This thesis eliminates the emotional evaluation dimension of object image in the three

major dimensions, because it was found in the above analysis that the attitudes and
opinions expressed by the public on the Internet are almost all from the perspective of
bystanders, only evaluating the outcomes of the events or the actions of the objects.
Therefore, the analysis is only conducted from the dimensions of event outcomes and
object behavior. The first dimension is the focus on event outcomes, where the goal of
the commentators is important, that is, considering how the commentators perceive
the outcomes mentioned in the comment text. If they perceive that the event outcomes
meet their expectations, positive emotions are generated. If the event outcomes do not
meet their expectations, negative emotions are generated. The second dimension is to

judge emotions based on the evaluation of the behavior of the objects. The principle
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of judgment is based on whether the behavior meets the standards or not. If the
object's behavior complies with the behavioral norms, positive emotions are generated;
otherwise, negative emotions are generated. Finally, emotions that cannot be inferred
by the OCC model are classified as neutral emotions.

3.2.3 Emotion Rules of the Simplified OCC Model

According to the OCC emotion cognition model of sudden event online public
opinion discussed in the previous section, this part elaborates on the simplified
emotion rules of the OCC model to determine the polarity of emotions.

From the perspective of the OCC cognitive emotion model, there are two major
judgment dimensions, namely the outcomes of sudden events and the behaviors that
occur in sudden events. These dimensions include variables such as public opinion
texts, events, behaviors, and emotions. Here, the relevant public opinion texts related
to the research on sudden events are represented by "t", with a total of "i" text data.
Each text data contains events that occur around this sudden topic, denoted as "e". In
addition to discussing the outcomes of the events, each text data also discusses the
behaviors of the objects in the text, represented by "a" (Ma, 2023).

To evaluate emotions from the perspective of event outcomes, the focus is mainly on

whether the events meet expectations. The function formula is as follows:
Des (ti,e) = Consequences(ti,e) — Goals(e)

Des(ti,e) represents the degree to which the result of event e in the i-th text data t
satisfies the public on the network platform. It is obtained by comparing the
consequences of event e (Consequences(t,e)) with the satisfaction level towards the
consequences of event e (Goals(e)). It can take two values, "less than 0" and "greater
than 0". When Des(t;e) is less than 0, it indicates that the result of event disposal in
the text data does not meet the public satisfaction threshold, meaning that the event
result does not meet the public's expectations. When Des(t;,e) is greater than 0, it

indicates that the event result has reached the public's expected level.
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Similarly, evaluating emotions from the perspective of object behavior in events
mainly considers whether the behavior complies with the standards. The function

formula is as follows:
Wor (ti,a) = Actions(ti,a) — S tan dards (a)

Wor(ti,a) represents the degree to which the result of event a in the i-th text data t
satisfies the public on the network platform. It is obtained by comparing the object
behavior in the i-th text (Action(t;,a)) with the degree of agreement towards the object
behavior (Standard(a)). It also has two values, "less than 0" and "greater than 0".
When Wor(ti,a) is less than 0, it indicates that the event disposal result in the text data
does not meet the public satisfaction threshold, meaning that the public believes that
the object behavior does not comply with the criteria. When Wor(t;,a) is greater than 0,
it indicates that the object behavior complies with the criteria perceived by the public.

Combining Des(t,e) and Wor(t;,a), the function rule formula for judging the emotional

category of each text data is as follows:
Emotions(ti,e,a) = f(Des(ti,e) —Wor (ti,a))

Emotions(t,e,a) represents the emotional discrimination of each public opinion text.
Its value range is [-1, 1, 0]. If its value is -1, it means that the emotional category of
the public opinion text is negative. If it is 1, it represents positive emotion, and 0
represents neutral emotion. In the formula, f( ) represents that if Des(t;,e) and Wor(ti,a)
occur separately and both are greater than 0, or if they occur simultaneously and both
are greater than 0, it returns 1, representing positive emotion. If Des(%,e) and Wor(t;,a)
occur separately and both are less than 0, or if they occur simultaneously and both are
less than 0, it returns -1, representing negative emotion. Otherwise, it returns 0,

representing neutral emotion.

3.3 Emotion classification algorithm based on OCC-BERT
Based on the sentiment rules of the previous section of OCC, the sentiment annotation
of sports event network public opinion text has a theoretical basis, which can obtain a

high-quality annotation dataset and input it into the sentiment classification model. In
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the existing sentiment classification models, deep learning models have been widely
welcomed by many researchers and have provided a good solution for researchers to
deal with large-scale data (Luo, 2020). This study used the BERT deep learning
algorithm to automatically identify the emotional categories of sudden event public
opinion texts(Wan et al., 2024).

The pre-training task of BERT is essentially completed after unsupervised learning a
large corpus, and its fine-tuning step uses the supervised learning of the sentiment
annotation dataset of sports event network public opinion to adjust the parameters to
meet downstream practical application requirements. Compared with other language
models, on the one hand, the BERT model can better learn the positional relationship
of word sequences(Zheng & Liu, 2023). Due to the non-standard comments in sports
events and the possibility of ironic meanings in words, a word may have completely
different or completely opposite meanings under changes in position and context.
BERT improves this problem to a certain extent by adding position encoding
information to the model. On the other hand, BERT can better learn the contextual
relationship features of words because it adopts a multi-layer bidirectional
Transformer structure, which enables it to better understand the semantics before and
after the words instead of considering only one direction (Devlin et al., 2018).

This section will introduce the sentiment classification model from three parts: the
basic structure of the BERT model, BERT pre-training and fine-tuning, and model
design.

3.3.1 Basic structure of BERT model

This study adopts the BERT-base Chinese model with a deep bidirectional
Transformer architecture. Firstly, the sports event public opinion text data is inputted
into BERT for embedding vector representation processing. Then, the Transformer
core encoding layer is processed, which includes two sub-layers in multiple encoding
layers, all of which are learned through feature extraction of the input signal and
connected through hierarchical residual connections and normalization. One is the
self-attention layer, which is a network based on attention mechanism that extracts
important features from the input signal, thereby improving the training efficiency of

21



the network. The other is the feed-forward neural network, which is a network based
on connection structure that transmits useful information from the input signal to each
output node in a nonlinear way, thereby improving the learning efficiency of the
network. The output of the Transformer encoding is the final word embedding result
(Vaswani et al., 2017). The structure of the BERT model is shown in Figure 4.

(1) Input Layer

When a public opinion text is inputted into the BERT model, the [CLS] mark is added
at the beginning of the sentence, and the [SEP] mark is added at the end of the
sentence. The text can be a sentence or a paragraph. In the case of a paragraph, the
[SEP] mark is used to divide the two sentences, and each sentence is split into
individual characters and inputted to the next layer.

Figure 4. BERT model structure diagram
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(2) Embedding Vector Representation Layer
The embedding text vector representation layer is the result of summing the three
arrays of sentence layer, word vector layer, and position encoding layer. The first

stage is going through the word vector layer, where the special tokens for the
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beginning and end of the sentence are inserted into the words, and then sent into the
word vector layer, where each word is transformed into a vector of fixed dimensions,
which can be used for subsequent classification tasks. Then, there is the sentence
layer and the position encoding layer. The sentence layer distinguishes each sentence
in a paragraph containing multiple sentences by recognizing the sequence mark,
which can determine whether two sentence texts are similar. The position encoding
layer combines the input word information with the position information, encoding
the position of the words and enabling the model to learn word order.

(3) Transformer Layer

The Transformer layer is the core encoding layer of BERT, which consists of
self-attention and feed-forward neural network. The calculation process of
self-attention value is as follows:

@ Establish the matrix X~k of the input text. Split the input text S and represent it
as S={w,wy,...,wj...,wn}, where w; represents a word, i represents the position of the
word in the input text, and n represents the length of the input text. After splitting, the
input text can be represented as an input matrix Xy x k. Each row of the matrix
corresponds to the vector of a word in the input text, where k represents the dimension
of the word vector.

@ Construct the attention input matrices Q, K, V. Each matrix is obtained by
multiplying the randomly initialized matrix W with the input matrix X, represented as:
O=WoXT, K=WXXT, V=W"X".

(3 Calculate the attention value. The attention mechanism used by BERT is based on

the scaled dot-product attention mechanism, which scales the attention value with a
scaling factor+/dx . The attention value formula is as follows:
1 1 = - V
o) )

BERT concatenates the attention values of 8 heads and multiplies them with the

weight matrix W to obtain the multi-head attention values:

23



where Concat( ) represents the concatenation function, W° is the weight matrix,
, , respectively represent the weight matrices in the i-th head, and their
dimensions are set the same as Q, K, V mentioned above.
(4) Vector Output Layer
After going through the data input layer, embedding layer, and Transformer layer, the
final output is the vector representation of each word in the public opinion text, which
integrates the semantic information of the entire text. It belongs to dynamic word
vector representation.
3.3.2 BERT pre-training and fine-tuning
(1) BERT pre-training. BERT's pre-training consists of two parallel tasks: Masked
Language Model (MLM) and Next Sentence Prediction (NSP). The process of MLM
and NSP tasks will be explained below.
In the MLM task, the model is given a piece of text data during training, where one or
more words in the text are randomly masked. The model is then required to predict
the masked content based on the remaining unmasked text information. Training the
MLM task introduces uncertainty when the BERT model encounters gapped positions,
forcing the model to rely more on contextual information for word prediction and
providing the model with error-correction capabilities.
The NSP task aims to train a model that understands sentence relationships. During
model training, two sentences from a text data are provided, and the model is required
to determine whether these two sentences are adjacent in the given text. In the actual
pre-training process, 50 percent of correct and incorrect sentence pairs are randomly
selected from the text dataset for training. Combined with the MLM task, this allows
the model to better represent semantic information in the text.
The BERT model is trained jointly with the MLM and NSP tasks, ensuring that the
output vectors of each model accurately reflect the overall information in the input
text, providing better initial model parameter values for subsequent fine-tuning. In
this study, I utilized a Chinese pre-trained BERT-base model and trained it with the
default configuration. I then fine-tuned BERT on the annotated data obtained from
scraping the burst event network public opinion text.
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(2) Fine-tuning BERT. After completing the pre-training of BERT, fine-tuning for
specific downstream applications can be done according to the task at hand. BERT
can be applied to eleven natural language processing tasks in four major NLP domains,
and has achieved excellent results. Different fine-tuning methods are employed for
different tasks using BERT, including next sentence prediction, text classification,
question answering, and word labeling tasks(Ye et al., 2023).

Since this study focuses on sentiment classification of comments in event network
public opinion, which falls under the category of text classification tasks, the
fine-tuning method for text classification is chosen. This method involves inputting a
single sentence, adding the [CLS] separator at the beginning of the sentence, and
determining the class label based on the output. This fine-tuning method is commonly
used for single sentence tasks (Devlin et al., 2018).

In addition, fine-tuning can also be done for batch size, learning rate, and training
epochs. Batch size can be adjusted based on hardware conditions, with larger GPU
memory allowing for larger batch sizes. Adjusting the learning rate assigns a lower
learning rate to the lower layers of BERT, which effectively fine-tunes the model. The
number of epochs can be set to stop training if the training loss does not further
decrease after a certain number of iterations(Yuan, 2021). The specific settings for
these parameters will be detailed in the section on model parameter settings.

3.3.3 Model design

To enable the model to predict the sentiment category of sudden event network public
opinion text, a Softmax linear classifier was added behind the BERT model that was
fine-tuned with the emotion-labeled dataset. Therefore, the designed model for
sentiment classification of sudden event network public opinion consists of three parts:
public opinion data input basic training of BERT and linear output of sentiment
categories. The sentiment classification model first takes in the sudden event network
public opinion text data, then goes through multiple transformer encoding layers of
BERT to output a feature vector H that contains contextual information. Finally, in the

output layer, the learned semantic feature vector H is mapped to three categories:

25



positive, negative, and neutral, using the Softmax linear classifier. The calculation

formula is as follows:
P = Soft max(WiH + bn)
Where W), represents the weight matrix and b, represents the bias.
The process of constructing the sentiment classification model for sudden event

network public opinion is shown in Figure 5.

Figure 5. Sports events network public opinion emotion classification model flow
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From the figure, it can be observed that the specific steps of the OCC-BERT
sentiment classification algorithm are as follows:

(1) Prepare well-collected and processed sudden event network public opinion text
data. Here, the input comment text is represented as a sequence X = {Xo, X1, ..., Xk};
(2) Input the raw text data into the trained OCC-BERT model, which decomposes the
text data from sentence or paragraph form into individual characters. To distinguish
between different sentences, the model adds the CLS and SEP identifiers at the
beginning and end of each sentence, and then inputs them into the Embedding layer;
(3) After the data is input into the Embedding layer, it needs to go through the
encoding of three sublayers: token embeddings, position embeddings, and segment
embeddings;

(4) Then, through the multi-layer bidirectional transformer encoding structure, the
semantic features and contextual information in the text data are learned, resulting in a
feature vector H;

(5) After obtaining the extracted feature vector, it is then connected to the added fully
connected layer. The function softmax is used to classify the sentiment of the sudden
event network public opinion text, and obtain three sentiment categories: positive,

negative, and neutral.

3.4 Experimental design and verification
This section explains the validation of the emotion classification model proposed in
this chapter. First, in terms of dataset acquisition, the public opinion dataset about
skateboarding joining the Olympics was collected using Python on the Weibo
platform. Then, the experimental data was annotated with OCC method and non-OCC
method to determine the sentiment categories. Next, the model parameters were set,
and the experimental evaluation metrics are introduced. By comparing with the
benchmark model, it was proven that using OCC sentiment rule annotated dataset
improved the classification performance, and BERT method has superiority over other

commonly used sentiment classification methods.
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3.4.1 Experimental dataset

To train the emotion classification model, a certain amount of labeled text is needed
as the training set of the model, and the trained model needs to be tested to directly
verify its performance in the text domain(Wei, 2024). At the same time, in order to
verify the effectiveness of OCC annotation, two types of labeled datasets are set in
this experiment. Dataset: The public opinion comment data on the network of the
current experiment is crawled from Weibo through a web crawler program. Taking
"skateboarding joining the Olympics" as an example, the user comments on this
sudden event are crawled. After filtering and cleaning the crawled data, there are a
total of 11,251 valid data. Then, two types of experimental datasets are annotated
based on natural annotation and OCC sentiment rule theory respectively. One is the
natural annotation case dataset, and the other is the OCC annotation case dataset. The
annotated datasets are divided into training set and test set in a ratio of 8:2. The
divided datasets include 9,001 training samples and 2,250 test samples. The training
set is used to train the emotion classification model, and the test set is used to verify
the training effect of the model.

3.4.2 Model hyperparameter settings

In machine learning and deep learning, training a network model includes learning
model parameters and determining hyperparameters. This method is used to train the
generated model, so that the generated model parameters can be updated in a timely
manner based on the training results(Li &Wang, 2021). Taking a simple neural
network as an example ( )= 1 + , + ,, where w;, w>and b are all model
parameters, they are initialized before training and updated continuously during
training. Unlike the method of initializing model parameters, hyperparameter settings
cannot be changed after being set. Common hyperparameters include learning rate,
model depth, and model iteration times, etc. The setting of these parameters will
greatly affect the learning efficiency of the model (Devlin et al., 2018).

The number of model iterations refers to the number of training iterations. If the
number of model iterations is too large and the model continues to train before
convergence, it will waste machine resources and time. If it is too small, the model
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may stop training before convergence, and the generalization effect of the model will
be poor. In the case of an unspecified number of iterations, the model can be set to
stop training when it does not update or decreases to the desired level within the
required number of iterations. Setting the learning rate too high will cause the model
to oscillate back and forth at a certain point and fail to converge, while setting it too
low will cause the model to converge too slowly. If the optimal learning rate is not
clear, the learning rate can be adjusted during the training process. A higher learning
rate can be set for the early epochs, and a lower learning rate can be set for the later
epochs. The setting of batch sample size is also very important. If the batch sample
size is set too large, it will occupy too much memory and cause memory overflow. If
it is set too small, it will slow down the training speed. Therefore, the specific batch
data quantity needs to be determined based on the characteristics of the dataset and
the hardware conditions (You et al., 2019). The setting of model hyperparameters

used in this chapter is shown in Table 1.

Argument Value
Validation split 0.2
Hidden size 768
Learning rate 5e-5
Attention head 12
Max position embeddings 512
Batch size 128
Epochs 10
Dropout rate 0.1
Loss Categorical cross entropy
Optimizer Adam

Table 1. BERT model part parameter Settings

Validation split represents the proportion of the validation set, hidden size represents
the dimension of the hidden layer, learning rate represents the learning rate, attention
head represents the number of attention heads. Max position embeddings represents
the sequence length, set as 512 for BERT-base to support a maximum sentence length
of 512, batch size represents the number of samples in each batch, epochs represents
the number of iterations. Dropout rate represents the dropout rate, which is used in

neural network training to temporarily remove neural network units from the network
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with a certain probability to prevent overfitting. Finally, the loss function is selected
as the cross-entropy loss function, and the optimizer is chosen as "adam".

3.4.3 Experimental evaluation indicators

A trained sentiment classification model requires an evaluation indicator to assess its
results. Through the evaluation indicator, the generalization ability of the model can
be understood, and different models can be evaluated using the same indicator to
determine which model has stronger generalization ability. The model parameters can
be adjusted step by step through the evaluation indicator to optimize the model. In the
field of deep learning, common evaluation indicators include confusion matrix,
precision, accuracy, recall, and F1 value (Boursalie et al., 2021). The evaluation
indicators used in this study are accuracy and F1 value, with accuracy as the main
indicator.

Before describing the indicators such as accuracy, recall, and F1 value in detail, it is
useful to briefly introduce some concepts and provide examples using the data used in
the paper. Taking an example where a comment text belongs to the "positive
sentiment" category, TP (True Positive) indicates that the comment text is correctly
classified into the "positive sentiment" category; FP (False Positive) indicates that a
comment text from a different category is incorrectly classified as "positive
sentiment"; FN (False Negative) indicates that the comment text belongs to the
"positive sentiment" category, but is classified into another category; TN (True
Negative) indicates that the comment text is correctly classified as not belonging to
any category other than "positive sentiment". P (Positive) and N (Negative) represent
the actual classification made by the model, and T (True) and F (False) evaluate the
correctness of the model's classification (Devlin et al., 2018). The relationship

between TP, FP, FN, and TN is shown in Table 2.
Table 2. TP, FP. FN and TN

Relevant Non-relevant
Retrieved TP FP
Not retrieved FN TN

Accuracy rate refers to the proportion of the correct number of samples in the total

number of samples, and the calculation formula is as follow.
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Accuracy rate is also known as precision rate. For model prediction results, accuracy
rate represents how many samples in the predicted positive samples are indeed
positive. The ratio between the number of correctly classified positive samples and
the number of classified positive samples is the accuracy rate. The calculation formula

1s shown as follows.

Pr =
+

The recall rate represents the proportion of the number of samples classified as
positive samples to the number of all positive samples, which can also be understood
as the number of samples in all positive samples predicted to be positive samples, and

the calculation formula is as follows.

Re =
+

F1 value, also known as FI-SCORE, is based on the harmonic average of accuracy

rate and recall rate, and the specific calculation formula is as follows (Pedregosa et al.,

2011).
1 1,1 1
—_ "t —
-=3(5+)
_2x x 2
1= + T2 o+ o+

3.4.4 Comparison experiment with benchmark model

In this chapter, the previous sections mainly elaborate on the theoretical methods,
construction, and evaluation metrics of the OCC-BERT sentiment classification model.
Based on this, this section conducts experiments to compare the performance of
traditional machine learning algorithms SVM and LSTM with the sentiment
classification model studied in this paper, using evaluation metrics.

This chapter has presented research stages of the OCC sentiment theory and the BERT
algorithm. For this thesis, scientific validation of the OCC sentiment model and the
BERT algorithm were conducted through experiments. The design idea of the

comparative experiment was to divide the sudden event network public opinion text
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dataset into two categories: one category uses the OCC sentiment rules for sentiment
annotation on the training set, and the other category does not use the OCC sentiment
rules for sentiment annotation on the training set. The two training sets are used as the
training sets for the comparative experiments of the BERT, SVM, and LSTM models,
and the experimental results are compared and analyzed.

The process of SVM and LSTM classification algorithms is as follows: first, on the
preprocessed dataset, use the jieba word segmentation tool to segment the burst event
network public opinion text and filter out stop words; second, for these two
benchmark models, use the Word2Vec word embedding method to construct word
vectors, thus transforming the text data into a form that can be recognized by
computers; finally, input the processed word vector data into the SVM and LSTM
classifiers to obtain the sentiment classification results of the dataset. The
experimental results obtained by BERT and these two benchmark models on the two

categories of datasets are shown in Table 3.

0CC annotated data set Non—-occ annotated data sets
Accuracy rate F1 Accuracy rate F1
BERT 0.8931 0.8931 0.8856 0.8852
SVM 0.7627 0.7582 0.7511 0.7453
LSTM 0.8242 0.8191 0.8149 0.8097

Table 3. Comparison of experimental results

In Table 3., by comparing the accuracy rates and F1 values of the three models, it was
found that the BERT algorithm is significantly higher than the SVM and LSTM
algorithms in terms of both accuracy rate and F1 value. This indicates that, from the
perspective of comparing the three algorithms, BERT is more suitable for sentiment
classification of burst event network public opinion and has better performance. At
the same time, by comparing the OCC annotated dataset and the non-OCC annotated
dataset, it can be found that after introducing the OCC sentiment model for sentiment
annotation on the training set, the accuracy rates and F1 values of the three model
algorithms have all improved. The accuracy rate of BERT has increased by 0.75
percentage points, SVM has increased by 1.16 percentage points, and LSTM has

increased by 0.93 percentage points. Overall, the OCC dataset-based BERT sentiment
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classification algorithm proposed in this paper has the highest accuracy rate,
demonstrating the superiority of the OCC-BERT model in the field of sentiment
classification of burst event network public opinion.

3.4.5 Summary

This chapter first introduced the construction ideas of the burst event network public
opinion sentiment classification model. Then, it provided an overview of the OCC
sentiment model, simplified it, and presented designs burst event network public
opinion sentiment rules. Next, it elaborated on the basic structure, pre-training, and
fine-tuning of the BERT model, and proposed the combination of OCC and BERT
algorithm to construct the burst event network public opinion sentiment classification
model. Finally, through experiments, it verified that the BERT-based sentiment
classification model proposed in this paper is superior to SVM, LSTM, and other
algorithm models, and that the sentiment annotation of the comment dataset using the
OCC sentiment model is accurate and reasonable, indicating that the OCC-BERT
model has significant advantages in the field of sentiment classification of burst event

network public opinion.

3.5 Topic analysis of sports events network public opinion based on LDA

This section presents a sports event network public opinion sentiment classification
model based on the previous discussion. It establishes a sports event network public
opinion topic analysis model based on LDA. The material integrates characteristics of
public opinion stage division, sentiment classification results, and topic mining results,
providing model and data support for the empirical analysis in the next chapter in
order to further analyze specific cases of sudden event network public opinion.

3.5.1 Model Construction Idea

The main contents of the event network public opinion topic analysis based on LDA
(Latent Dirichlet Allocation) constructed in this paper include four parts: public
opinion lifecycle division, sentiment classification division, LDA topic mining
modeling, and the study of topic sentiment evolution at each stage. First, based on the
lifecycle theory, the division rules for dividing different stages of public opinion
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propagation cycle are constructed, so that subsequent topic mining can be conducted
by segmenting the corpus based on time for evolutionary analysis. Second, the
OCC-BERT sentiment classification model constructed in the previous chapter
provides the sentiment classification results of public opinion texts. Therefore, the
sentiment classification results and stage division are used to segment the LDA topic
mining dataset as the input data for the next step of topic mining modeling. Third,
based on the LDA model, topic mining is conducted by organizing the dataset
according to the sentiment classification results and public opinion cycle division, and
model training and topic mining are performed on different datasets. Fourth, based on
the topic mining results of the previous step, combined with the collected corpus
context, the feature words are summarized and summarized, and the topic feature
evolution of each stage is studied. According to the above steps, this study utilized the
framework of the sports event network public opinion topic analysis model based on
LDA as shown in Figure 6.

Figure 6. Sports events network public opinion theme analysis frame
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3.5.2 Division of Public Opinion Lifecycle

There are significant differences between the online public opinion of emergencies
and ordinary online public opinion(Zhang, 2012). Existing models of online public
opinion lifecycle mainly include three stages, four stages, or multiple stages. However,
emergencies have characteristics such as suddenness and sensitivity, which lead to the
differentiation of the evolution process of online public opinion of emergencies from
ordinary online public opinion. After the event occurs, a massive amount of related
information quickly spreads and ferments on online platforms, forming the online
public opinion of the emergency in a short period of time. Moreover, the social
attention caused by such events is much higher than that of ordinary hot events, and
the event fermentation speed is fast, usually without an incubation period. Therefore,
based on the characteristics of fast outbreak and evolution speed of online public
opinion of emergencies, this article divides the lifecycle stages of online public
opinion of emergencies in a broad sense and proposes division rules and
characteristics (Zhang et al., 2020):

(1) Initial outbreak period. After the emergency occurs, the number of Weibo posts
and comments related to public opinion rapidly increases from zero, and the search
index shows an explosive rise. However, the language is relatively scarce and single,
and there are fewer types of topics. The continuous emergence of new followers and
topics indicates that the dissemination situation is in the initial outbreak period(Zhao,
2018).

Considering the sudden nature of the event and the wide-ranging discussions and
attention it immediately triggers among netizens, the early stage of online public
opinion of emergencies is usually much shorter than the early stage of ordinary online
public opinion and has no incubation period. Also, because the event information is
not comprehensive, netizens have limited access to information resources related to
the event. Therefore, the focus of netizens' attention is basically consistent. In addition,
at this stage, the scope of public opinion dissemination also expands from small group
organizations to external networks, as manifested in the increase in the heat of online
public opinion (Yu & Ni, 2024).
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(2) Peak period of outbreak. The information increment of online public opinion of
emergencies reaches its maximum, and the number of posts and comments rapidly
reaches its peak. Netizens' attention is at its highest, and the heat of online public
opinion is at its highest. The number of public opinion topics increases dramatically,
and netizens' discussion remains highly active, with new messages and comments
continuously appearing, indicating that the online public opinion of the emergency
has entered the peak period (Zhou et al., 2020).

During the high-heat stage of public opinion, with the continuous exposure of
information related to the emergency, netizens' attention to the event reaches its
climax, and their communication and interaction with each other become more
frequent, resulting in the rapid spread of public opinion in a viral manner. In this
process, due to the intense discussions and excited emotions among netizens, a variety
of opinions and claims collide, and similar opinions and claims gradually converge,
resulting in a clustering effect. At the same time, the participation of mainstream
media and opinion leaders makes it easy for netizens' attitudes to become one-sided,
gradually leading to group polarization. Therefore, at this stage, relevant institutions
should focus on studying the evolution of public opinion related to emergencies, grasp
the changing trends of online public opinion, and timely identify potential crises in
public opinion dissemination (Barnshaw et al., 2020).

(3) Decline and extinction period. When the amount of public opinion information
rapidly decreases, both official and public postings and comments gradually decrease,
and the number of new discussion points almost stops increasing, indicating a
significant decline in the dissemination effect of public opinion and entering the
decline stage of the online public opinion of the emergency (Qiu et al., 2019).

During the decline stage of public opinion, after a period of fermentation, the cause of
the event and its disposal result have been revealed, and the focal issues of concern to
the public have been properly resolved. As a result, news reports and online
comments related to the event gradually decrease, and netizens' attention to the event
quickly decreases. At the same time, netizens' emotions are alleviated to a certain
extent, gradually moving towards rationalization. Although the online public opinion
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related to the event has gradually started to decline at this stage, it is still necessary to
remain vigilant against derivative public opinions and prevent the rebound of online
public opinion in emergencies(Ren & Li, 2023) .

When the amount of public opinion information almost stops increasing, the public
clearly enters a period of slack in expressing attitudes and opinions, and public
opinion approaches extinction, indicating the final stage of the online public opinion
of the emergency (Hu, 2019).

Figure 7. Sports events network public opinion life cycle communication model
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The figure 7. shows the overall performance of online public opinion during the
lifecycle of sports events. The lifecycle diagram of public opinion on sports events
reveals the law of dissemination. It uses time T as the horizontal axis and the amount
of public opinion information as the vertical axis. The dashed lines a and b represent
the boundaries between the outbreak stage, the high fever stage, and the decline stage.
This paper establishes a universal lifecycle model, which can describe the lifecycle of
public opinion dissemination on sports events under general conditions and make
macro judgments on the development law of public opinion. Moreover, when dividing
the lifecycle, there is no fixed pattern for the thinking of each scholar. Generally, each
researcher can divide the lifecycle based on the specific communication situation of
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the event at that time (Gao, 2009). The case analysis section of this thesis will divide
public opinion into these three stages using the example of skateboarding entering the
Olympics. In addition, there have been some discussions about skateboarding before
it officially entered the Olympics, so this paper will discuss the stages of the event
two years before and after it occurred.

3.5.3 Emotion Classification Division

There are many uncertain factors in the development process of online public opinion
on emergencies. Simply mining the themes directly from the public opinion texts can
no longer meet the practical needs of current research on the evolution of public
opinion. It is urgent to combine the emotions of the subject, the lifecycle of public
opinion on emergencies, and theme mining in order to better grasp the focus of public
attention and emotional evolution of netizens at different stages, take effective
measures during critical time periods, guide public emotions and focus in the correct
direction, so as to avoid the convergence of negative emotions and the emergence of
secondary harmful events (Zhang et al., 2020).

Firstly, the lifecycle of online public opinion on emergencies is divided. Secondly, the
preprocessed public opinion data is saved according to the time series. Then, the
emotion classification model constructed before is used to classify the dataset by
emotion and obtain the classification results sorted by time. Finally, the emotional
categories of each stage within the lifecycle are counted, and the data is sliced
according to the stages of public opinion and emotion categories, which can serve as
the input for LDA theme mining. The division of emotional corpus in each stage is

shown in figure 8.
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Figure 8. Emotion corpus division in each stage

( Original whole corpus )

Life cycle partition Eruption T1 Peak T2 Recession T3

v
w g S |
=X o o =
o i = =
o < (=]
o vl ]
@ 2 9’ g
> = = =
= = *U_‘_: o
a o o g
L)
o c % £
o ) 2 o
2 Z £ c
@ b1 o
% 2 2 £
o
£ = = -
o o o o

Affective classification

The segmented corpus

Phase one negative corpus 1—@

Phase one positive corpus  fe—
Phase one neutral corpus 1

Phase two neutral corpus
Phase three neutral corpus 1

3.6 LDA Theme Mining
Throughout the evolution process of online public opinion on emergencies, there are
often different discussion topics. The expression of emotions by netizens towards
different topics also directly affects the speed and trend of the dissemination of
emergencies. Based on this, this paper studies the evolution of themes in online public
opinion on emergencies, analyzes the factors leading to the evolution of themes, and
controls the development trend of online public opinion. In this chapter, I will use the
Latent Dirichlet Allocation (LDA) model to mine the themes of online public opinion
on emergencies (Cai et al., 2021).
3.6.1 LDA algorithm overview
(1) Introduction to LDA Structure. In 2003, Blei et al. proposed a more generalized
text theme model called Latent Dirichlet Allocation (LDA). The essence of this model
is a three-layer Bayesian probability model. In this paper, the three layers of the
three-layer Bayesian theme model are the public opinion texts on emergencies, the

themes, and the vocabulary. Assuming that the public opinion texts are composed of
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multiple latent themes in certain proportions, all the vocabulary in the public opinion
texts are formed into themes according to certain rules (Hu et al., 2023). The
topological structure diagram is shown in figure 9.

Figure 9. Three-layer topology structure

Public opinion text

Theme

Vocabulary

(2)Algorithm Introduction.The LDA algorithm assumes that there are k independent
themes in the public opinion text set D, and each theme follows a multinomial
distribution in the vocabulary. Each public opinion text is a random mixture of k
themes, and each public opinion text also follows a multinomial distribution in the k
themes. Both the distribution of themes in public opinion texts and the distribution of
vocabulary are Dirichlet prior distributions. The generation formula of LDA is as
follows:

" A(ec+B) " A0 +0)

e BB ey O

The text describes the topic generation process of sentiment analysis texts using the

(w,z|a, B) = p(w|z,B)p(zlo) =

LDA algorithm as follows:

@ Select a sentiment text d; from the sentiment text set D according to the prior
probability p(d;).

@ Sample the Dirichlet distribution a to generate the topic distribution of
sentiment text d..

(® Sample the topic multinomial distribution  to generate the topic z;; of the jth

vocabulary in sentiment text d;.
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@ Sample the Dirichlet distribution 8 to generate the vocabulary distribution z;;

corresponding to the topic

® Sample the vocabulary . from the multinomial distribution _ of the

vocabulary.

(3)The advantages of the algorithm are as follows:

LDA is based on the probabilistic latent semantic analysis model (PLSI) and adds two
Dirichlet measures, which consider topic allocation and vocabulary allocation
separately. This method not only efficiently identifies topics but also accurately
characterizes the associations between topics and words. It can effectively reduce the
dimensionality of topic features, thereby further improving the efficiency of network
sentiment analysis. This method is an unsupervised machine learning method that can
effectively solve the problem of instability in vector space models and overfitting of
model parameters with the increase of the number of words. It has good model
generalization ability. Based on these advantages, the LDA algorithm has a good
prospect for related research on topic mining and has become one of the most widely
used algorithms (Kherwa & Bansal, 2019). Therefore, this paper will use the LDA
algorithm to mine topics in network sentiment analysis of sudden events.

3.6.2 Basic flow of LDA algorithm

The flow chart of topic mining for online public opinion of emergencies based on

LDA algorithm is shown in Figure 10 (Xu et al., 2018).
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Figure 10. LDA algorithm flowchart

I: START ) ( END )

A

Input data set D, topic number K, Output files such as topic frequenc
hyperparameter of sports event network P P gquency

bli inion text aft distribution and vocabulary
pulblic opinion tex: atter probability distribution

preprocessing such as word segmentation

)
YES

dwocabulary probability conuerg®

arameters are complete and valid=

ol Randomly assign a topic z to each
word w in the public opinion text di

Is there any public opinion text

YES

Sample a new topic for the j-th
YES vocabulary based on its topic
probability distribution

A

Is there any public opinion text

Count the number of words belonging to Remove the topic of the j word
the KTH topic in the public opinion text and calculate the probability that the
and the KTH topic generates the JTH current word is assigned to z
word number in all texts topic according to the topic of other words in di

| 1

In this study, the input part of the LDA algorithm mainly includes the dataset D of

network sentiment texts of sudden events, the set parameters, and a reasonable
number of topics K. The output part of the LDA algorithm mainly includes the
assigned topic numbers of each vocabulary in each sentiment text, the probability
distribution of vocabularies under each topic, the topic probability distribution of each
sentiment text, and the high-frequency keywords under all topics. The operation steps
of LDA are as follows:

@ At the initial stage, input the preprocessed dataset of network sentiment texts of

sudden events, and judge whether the parameters are complete and legal. If yes,

proceed to the next step; if not, go back to the previous step to reset the parameters.
@ Randomly assign a topic z to each word w in the network sentiment text id of

sudden events until all words in the network sentiment texts of sudden events are

assigned topics.
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(®Calculate the total number of keywords distributed in the kth topic in the network

sentiment text id of sudden events, as well as the total number of the jth keyword

generated by the kth topic in all network sentiment texts of sudden events.
@Filter out the topic of the jth word and calculate the possibility of the current word

with topic z based on the topics of other words in the network sentiment text id of

sudden events.
(®Sample a new topic for this word based on the topic probability distribution of the

jth word. Stop this process when all words in the network sentiment texts of sudden

events have completed sampling for new topics.
(® Obtain the updated values of the number of vocabularies corresponding to each

topic and the probability values corresponding to each topic in the network sentiment
text id of sudden events through multiple iterations and finally obtain the convergent
result.
3.6.3 Parameter estimation
Parameter estimation is one of the key calculations in LDA topic modeling. In LDA,
estimation of these two unknown parameters can be done using variational inference
or Gibbs sampling. The former method, variational inference, follows the idea of
maximum a posteriori estimation (treating the unknown parameters as fixed values),
while the latter method, Gibbs sampling, follows the idea of Bayesian estimation.
Bayesian estimation is an extension of MAP estimation but has a fundamental
difference in that it considers the estimated parameters as random variables following
a certain prior distribution. In comparison, Gibbs sampling is the most commonly
used method in LDA topic modeling, and it has advantages such as fast computation
speed and high estimation accuracy(Qiao & Zhang, 2000). Therefore, this study will
also apply Gibbs sampling, and its calculation formula is as follows:

O 4 O 4

:1(’_‘?_+ ) :1(_(,1+ )
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3.6.4 Study on the evolution of subject characteristics in each stage

According to the division of public opinion stages and the construction of the emotion
classification model, this paper uses the LDA algorithm to construct a research model
for the topic characteristics evolution of public opinion on sudden events in different
stages of the public opinion network. The analysis is mainly conducted from three
aspects: the lifecycle of public opinion, text emotion, and topic mining (Li, 2017).

(1) Based on the publication of public opinion information and Baidu index statistics,
this study divides the public opinion into stages with a time granularity of 1 day and
conducts subsequent research on the first three stages with high information volume.
(2) Netizens' emotional attitudes towards a sudden event are reflected in the
comments they post on online platforms.

(3) Based on the division of public opinion lifecycle, identification of emotional
attitudes, and LDA topic mining of sudden event topics, the mining results of the

topics are analyzed to summarize the perspectives on the topics.
From the above three aspects, public opinion data also has some characteristics: @

From the perspective of lifecycle, the themes held by public opinion events usually

change in the short term, that is, in the same stage, there will be multiple perspectives
on the topics. @ From the perspective of emotion, different emotions may contain
different content at different periods, and different content may contain different
perspectives on the topics. (3 From the perspective of topic perspectives, the

relationship between data content and topic perspectives can be one-to-many or
many-to-one. Therefore, this study establishes a research model for the evolution of
topic characteristics in sudden event network public opinion by integrating the
characteristics of public opinion data, including public opinion lifecycle, text emotion,
and topic mining. The research model is shown in Figure 11. This study attempts to
construct a research model for topic characteristics evolution, which can reflect the
trends in the evolution of public opinion at different stages and under different
emotions, and provide suggestions for the government to grasp and guide public
opinion crises in a timely manner .
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Figure 11. Research models of evolution of thematic features in different stages
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3.6.5 Summary

This chapter first introduced the framework construction idea of the topic analysis of
sudden event network public opinion based on LDA, and described the specific
implementation steps. Secondly, based on the lifecycle theory, the division rules of
different stages of public opinion propagation cycle were constructed. Thirdly, based
on the results of the OCC-BERT emotion classification model constructed in the
previous chapter and the stage division, the LDA topic mining data set was divided
into corpora segments, and then the algorithm and process of the LDA topic model are
described, and the topic model was trained. Finally, the research model for the
evolution of topic characteristics in different stages was constructed by combining the
division of public opinion lifecycle, the constructed emotion classification model, and

the LDA topic model.
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CHAPTER 1V

SYATISTICAL ANALYSIS

This chapter uses "skateboard joining the Olympic Games" as a specific case study,
and makes an empirical analysis of the OCC-BERT emotion classification model and
LDA topic mining proposed above. Based on data acquisition and processing and
evolutionary cycle division, emotional evolution analysis, topic mining analysis and
theme feature evolution analysis were carried out. To provide relevant departments
with effective evolutionary analysis of online public opinion for public opinion

guidance suggestions.

4.1 Text vectorization

How to represent words as the first step in natural language processing tasks. In text
classification, the first thing to do is to convert human-understandable natural
language into machine-understandable data format, namely text vectorization. There
are two commonly used methods for text vectorization: the bag-of-words model and
the word embedding representation method(He, 2019). The bag-of-words model treats
text as a combination of words, representing text as a bag of words. It does not
consider the relationship between words and the order of words, meaning that each
word is independent. The model assigns a weight to each word to represent the
frequency of each word appearing in the text. Word embedding models are based on
neural networks and represent word distributions. The model uses neural network
techniques to construct context representations and the relationship between target
words and contexts. It uses flexible neural networks to model complex contexts,
resulting in word vectors that contain richer semantic information (Gallant, 1991).

Word2Vec is a common method for training word vectors, which simplifies the task of
processing text content into vector operations in vector space. The similarity on the
vector space represents the semantic similarity of the text. The model learns the

semantic information of words from a large amount of text corpus, and the
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representation vectors of similar words are closer in the vector space, providing great
assistance to downstream tasks (Deudon, 2018).

Word2Vec is a probabilistic language model based on neural networks, consisting of
an input layer, a hidden layer, and an output layer. It is a three-layer shallow neural
network. Word2Vec model has two structures: the Continuous Bag of Words (CBOW)
model and the Skip-Gram model. Both models follow the aforementioned three-layer
network structure. The CBOW model predicts the target word based on adjacent
words. Its input is the word vectors of the context words adjacent to the target word,
and the output is the word vector of the target word itself. The Skip-Gram model has
the opposite input and output of the CBOW model. The input of the Skip-Gram model
is the word vector of the target word itself, and the output is the word vectors of the
adjacent words to the target word. The model predicts adjacent words based on the

target word (Liu et al., 2015).

4.2 Overview of "Skateboarding added to Olympic Games"
The sport of skateboarding was officially included in the Olympic Games as four
competitive events in the 2020 Tokyo Olympics. This marked the first appearance of
skateboarding in the Olympics, signifying the widespread recognition of the sport's
influence globally. This decision was formally approved during the International
Olympic Committee meeting in August 2016. In addition to skateboarding, other
sports such as surfing, climbing, baseball, and karate were also added. The inclusion
of these sports has made the Olympics more diverse and attracted more participation
from young people, while also reflecting the inclusivity and innovation of the
Olympic Games (Wheaton & Thorpe, 2019). The discussion about extreme sports and
the Olympics is ongoing, and even before skateboarding made its debut in the Tokyo
Olympics, it had already generated considerable attention and discussion (Shi, 2015).
Among the five new sports added to the Tokyo Olympics, skateboarding received
more attention and generated more discussion than the others on platforms like Weibo.
As a significant event related to the Olympics, the topic of "skateboarding joining the
Olympics" generated a lot of online sentiment, from the initial discussions to its
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official debut in the Olympics, and will continue to be analyzed as a classic case

study.

4.3 Data Acquisition and Processing
This study used web crawling techniques to collect and preprocess data on the topic of
"skateboarding joining the Olympics" from the Weibo platform. The text data was
then subjected to Chinese word segmentation and stop word filtering, and the OCC
model was used to annotate the sentiment of the comment data, preparing the data for
subsequent empirical analysis.
4.3.1 Data Acquisition
(1) Data Source. For the purpose of this study, data from Sina Weibo was selected as
the experimental dataset. Considering that Sina Weibo is a popular social media
platform, with a larger audience compared to portals like Netease News or Sina News.
Sina Weibo users can post updates and comments anytime and anywhere using their
mobile phones, providing greater flexibility. In addition, Sina Weibo has a wider
range of data sources, as users can post original or reposted content based on their
personal preferences, rather than being limited to commenting on official news like
Netease. Furthermore, other open-source social tools like Tieba or blogs have certain
limitations, as their content is more focused on specific areas or regions. Therefore,
the data from Sina Weibo was chosen as the experimental dataset for this research.
Weibo (similar to Instagram) is one of the most influential social media platforms in
China, with a huge user base of 1 billion and a daily active user count of up to 300
million. Weibo users are known for quickly sharing their views on news and events,
capturing real-time attitudes and reactions. The Weibo platform supports user
interactions, including commenting and reposting, allowing for more user
participation and reflecting a wide range of public opinions (Nichols, 2022).
In the rapidly developing era of the Internet, collecting and analyzing publicly
available data plays an important role in industry development and technological
advancement. In the field of natural language processing, sentiment analysis typically
requires a large amount of data to uncover potential information from text, and using
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web crawling tools significantly reduces manual labor costs (Sun et al., 2016). Since
there is no publicly available dataset of skateboarding comments online, the text was
collected by crawling user comments on Weibo to construct a skateboarding
evaluation dataset.

This study utilized web crawling to collect Weibo data. Web crawling involves three
steps: obtaining the webpage, parsing the webpage, and storing the data. After
determining the URL of the target webpage, an HTTP request is sent to the server
using an HTTP library, waiting for a normal response from the server to retrieve the
desired webpage content, resulting in a response that can be in the form of HTML,
JSON, images, videos, etc. HTML data can be analyzed using regular expressions or
third-party parsing libraries, JSON data can be parsed using the JSON module, and
binary data such as images and videos can be saved to files for further processing.
Valuable information is extracted from the parsed webpage and stored in a text file for
subsequent use (Gao & Han, 2022).

(2) Data Overview. This study used web crawling to collect high-impact original
popular Weibo posts and comment data using "skateboarding" and "Olympics" as
keywords, from January Ist, 2019, to December 31st, 2022. The collected data was
structured and saved in a spreadsheet, resulting in 2,351 original Weibo content data
and 9,169 comment data, with only the Weibo posts with more than 1,000 comments
being sampled at different time intervals. The main reason for selecting samples with
more than 1,000 comments here is twofold. Firstly, Weibo posts with approximately
1000 comments maintain high popularity and are likely to appear at the top of search
results. Secondly, some of the comments contain advertisements, and this number
allows for filtering.

The collected Weibo dataset consists of publisher names, Weibo content, time,
number of reposts, number of likes, and number of comments, while the comment
dataset consists of user names, user profile page links, comment content, and
comment time. Publisher and user names, user profile page links, Weibo and comment
content are all strings, while comment and Weibo posting times are in date format,
and the number of reposts, comments, and likes are numerical data.
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Figure 12. Python collected part of the Weibo data graph

text
e B CRE R LR IGE ]
S ¥ EMINIBMEEGTE (10-1651) MERES SN EHM RN . EREREARSRTFAREEEETSAITHRERELIREAR
7 LR T X Bkt A B b g5 A X R W WA, A ESBIRERE

SRMAT &0 “ 1 » BEFER. UROCHEMIBRE NV ITE R ERE 7 LR, SRR 2R, 1205
Lgmﬁxl’laxl"ﬂuéxﬁﬁmt [Rar] (78]
BEAEKRE OERDENSR

umi*ﬂﬂmo@ [LIEMA HRSMILIEF: RE BR CHERLCIBR: S ANBEECHALLIELR: RITE, BFUERALR: ¥, BFUEERY. (L]
KUSTOM smmng Sprln ummer CollectionFrom Yokohama Japanttelt’e%F (1] ##if it [ i) ##£ 5 [ ] ##kustomstyle## japan#fwasterosesfistreets
SLEHESMR, REMESIUARE, EEEEGHAE, KT ESNATHTE~RE2FEHHIARGTLEY, KL—E6H0, BCFFNMSHE, JUMFRE. 35
33m+18L2]6mA‘7 ti+$| B EHBR LT, IRREGE AR ERERE, FEA KPR SRE@HETRELTRE, SRR, REEEQREFFARANTREBLZ. HF

IR L T
ST TR BRI (198] I
/j\m‘-\

b, AR T ib o SRACEXRID, HEk. SRR S CHRREKTZRE. U5
—AETFX AN ECABERRA XA S RE—ERE R0 S0 RRAAAMMRT EBHA B

&AL B#1ivephoto [#1)
B £ B TR LARIR L B Kz gk @?%WJ\E‘JHLLMELI& Wi #hyukoh# BELAE FEEMEMAT Jo2¥ AT (EREAHERHIA
r All Star 19703 wz{ewmm r|5n HZ& i uwga &‘9 ETFE R, EYELFE. Chunk T0sZ A HEIKRIZEIERRE “REMR

ES zmm 387 0]

FEMEABARA Y AN ERERGNERIN=AAB—REE, BEMKAT, FEHET, EHRaAmisn T Lk, &4

4.3.2 Data Processing

(1) Data cleaning. Firstly, the missing values were processed. Due to the large amount
of data being crawled, a significant amount of data loss can occur. After investigation,
it was found that some Weibo data did not have a posting time. In order to compensate
for this, the earliest posting time of the corresponding comments was used to fill in
the missing values. Since the posting time of the comments naturally comes after the
posting time of the Weibo, the earlier the posting time of the comments, the closer it is
to the Weibo time.

Secondly, the duplicate values were processed. Due to the fact that the Weibo text
content and comment content are crawled on different pages, a large amount of
duplicate text content is generated. This study used Excel functions to remove
duplicate fields.

Thirdly, noise reduction processing. It was observed that the text data obtained from
Weibo contains a large amount of irrelevant information. Therefore, this study used

regular expressions to filter out the interfering information in the public opinion text

data: @ removal of irrelevant symbols, numbers, and letters, such as "&", "-17", "f",
@ deletion of URL hyperlinks in the text content, as these links have no

semantic meaning in text comprehension and should be removed; 3 deletion of the

content of "#hashtags", which are highly relevant terms mentioned by netizens during
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discussions but do not reflect their focus and are unrelated to the research; @ "/@"
indicates that this is a reposted content from others, which is unrelated to one's own
viewpoint, so the content after "//@" is deleted; (& simplification of traditional

Chinese characters.

(2) Chinese word segmentation:

After the simplification of traditional Chinese characters, the removal of junk
advertisements, and the data cleaning of invalid comments, the text data still cannot
be directly used and needs to be segmented. Word segmentation refers to dividing a
paragraph or sentence into several words that have practical semantic meaning.
Currently, there are many applications of Chinese word segmentation tools (Wang,
2019). This study used the jieba word segmentation tool to segment the extracted
Chinese data. Jieba is a Python open-source library specifically designed for Chinese
word segmentation. There are three ways to segment words, namely precise mode,
full mode (Wang & Liang, 2021), and search engine mode. The study used the precise
mode by default to separate sentences as accurately as possible.

(3) Stop word filtering:

Stop words refer to words that are fundamentally useless or meaningless for the given
purpose. They generally include conjunctions, adverbs, frequently occurring
meaningless single Chinese characters, and terms like "you", "me", and "him".
Although these words appear frequently, they have little or no use in extracting the
main features of the text. If stop words are not filtered out, it will result in a large
number of unrelated and ineffective messages, greatly affecting sentiment and topic
analysis (Deshwal & Sharma, 2016). Therefore, after Chinese word segmentation,
stop words need to be removed while retaining information related to sport events.
Currently, there are many versions of stop word lists, each with its own characteristics,
including "Harbin Institute of Technology Stop Word List", "Baidu Stop Word List",
and "Chinese Stop Word Library", etc. However, there is currently no clear stop word
list that can be applied to various tools, which requires us to make different

processing according to specific needs (Zhao, 2021). This study combined several
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stop word lists, including "Chinese Stop Word List", "Machine Intelligence
Laboratory Stop Word List", "Baidu Stop Word List", and "Harbin Institute of
Technology Stop Word List", to generate a stop word list containing 411 stop words.

Some custom stop word lists are shown in Table 4.

Table 4. A partial display of the custom stop word list
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After word segmentation, there are still many meaningless words that appear
frequently, such as " 7" (le), "F" (I), and "HJ" (of). After stop word filtering, the
segmented results show better effects. From Table 5, it can be seen that the processed

text data hardly contains any invalid information.

Table 5. The result of removing the stop word segmentation
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(4) Dataset sentiment labeling:

After data cleaning, a total of 53,234 comments remained. Among all the comment
data, 4,251 pieces of data were randomly selected for OCC sentiment labeling, which
served as the training dataset for the sentiment classification model. Based on the

OCC sentiment rules, this study categorized the sentiment of public opinion comment

52



text data into three major categories: positive sentiment, negative sentiment, and
neutral sentiment.

In the case of the "Skateboarding Joins the Olympics" sports event, OCC rules were
used to determine the sentiment of public opinion comments. For example, in the
comments "Skateboarding is really fun" and "It's a good thing that skateboarding joins
the Olympics," the event results align with public expectations, thus they are
classified as positive sentiment. On the other hand, in the comment "Skateboarding
needs to be trained properly, otherwise it is easy to get injured," the event result "easy
to get injured" clearly does not meet public expectations, and "getting injured" is also
against public behavior norms, therefore it is classified as negative sentiment. As for
comments like "Is skateboarding a permanent event?" and "Are there any relevant
championships for skateboarding?", they express concern and inquiry about the event,
without involving the evaluation criteria of event results and behavioral norms.
Therefore, they are classified as neutral sentiment. The OCC sentiment labeling of
some comment data is shown in Table 5., with 1 representing positive sentiment, 0

representing neutral sentiment, and -1 representing negative sentiment.

Table 6. OCC rules label the emotional part of the data

Comment Emotion
classification
Skateboarding is really fun 1
Skateboarding needs to be trained properly, otherwise it is easy -1

to get injured

It's a good thing that skateboarding joins the Olympics 1
Is skateboarding a permanent event? 0
Are there any relevant championships for skateboarding? 0

4.4 Evolution cycle of network public opinion
The previous chapter, based on the life cycle theory, constructed a propagation model
that divided sudden events into three stages: initial outbreak period, outbreak peak

period, and decline phase. Here, combining various data such as public opinion
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information and Baidu search index, the specific dates of the three stages of public
opinion are determined.

The Baidu search index data for the event of skateboarding joining the Olympics was
used to create a time distribution chart, as shown in Figure 12. It can be seen that the
attention to "skateboarding joining the Olympics" began to increase in March 2020,
and the related search volume decreased daily afterwards. In July 2021, there was a
small peak, which was because the skateboarding event of the Tokyo Olympics in
2020 took place in July 2021, bringing the topic back into the public eye and
generating renewed interest.

Figure 12. Public opinion life cycle based on Baidu index

1 2B &k PC+#50 ] 2019-01-01 ~ 2022-12-31

Based on the Baidu search index data for the Tianjin explosion on August 12th, it was
found that the network public opinion life cycle of the "skateboarding joining the
Olympics" event, divided based on the Baidu search index, was basically consistent
with the trend based on the Baidu search index. Therefore, the network public opinion
life cycle of the "skateboarding joining the Olympics" event is divided into: O initial
outbreak period, January 2019 - June 2021; ) peak period, June 2021 - July 2021; 3
decline phase, August 2021 - December 2022.

4.5 Sentiment evolution analysis of network public opinion
In this section the constructed OCC-BERT sentiment classification model is applied
to predict the sentiment polarity of the text corpus of the "skateboarding joining the
Olympics" event. After model training, predicted data with annotated sentiment
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polarity are obtained. Based on this, the sentiment evolution analysis of the
"skateboarding joining the Olympics" event in network public opinion is conducted.
4.5.1 Overall sentiment evolution analysis

This study conducted a statistical analysis of the sentiment prediction results,
categorizing sentiments into positive, negative, and neutral categories. As shown in
Figure 13., it was found that overall, positive sentiment accounted for 72.18%,
negative sentiment accounted for 18.19%, and neutral sentiment accounted for 9.63%.
This indicates that the majority of netizens hold positive attitudes towards the
"skateboarding joining the Olympics" event, the overall positive emotion prevails, and
more detailed analysis of the specific emotion distribution throughout the life cycle is
needed.

Figure 13. Overall affective category proportion

M positive M negative M neutral

4.5.2 Stage sentiment evolution analysis

Analysis of Table 7. and Figure 14. reveals that in the initial outbreak stage, positive
sentiment dominates, indicating that those who paid attention to the event of
skateboarding joining the Olympics were mostly skateboard enthusiasts. In the peak
stage, people's emotions gradually tend towards positive sentiment, and there are
obvious differences in emotions. Positive sentiment and negative sentiment are almost
equal, indicating a significant divergence. One reason may be that skateboarding, as

an extreme sport, although it has some enthusiasts, many people have limited
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knowledge about skateboarding, and there are many doubts among netizens about
skateboarding injuries, leading to a greater division of emotions among the public. In
the third stage, the decline phase, there is not much change in neutral emotions, but
the proportion of positive sentiment compared to negative sentiment increases. After
skateboarding entered the public's field of vision, many popular science videos and
articles appeared on the Internet, which further enhanced the public's understanding of
skateboarding. As a result, negative emotions among netizens gradually decreased
while positive emotions increased, and a positive sentiment began to emerge among
netizens, leading to a more relaxed mindset. Despite the gradual decrease in the
intensity of discussions among netizens in recent times, sports events are being held
periodically, so there may still be a resurgence of public sentiment towards

skateboarding during periods of decline.

Table 7. The proportion of emotion in each stage

Proportion
Phase > .
Positive Negative Neutral
T1 0.63 0.21 0.16
T2 0.88 0.09 0.03
T3 0.74 0.12 0.14
B Positive M Negative B Positive M Negative W Positive W Negative
Neutral Neutral

Neutral

T1 T2

Figure 14. Emotional distribution at each stage

4.6 Network public opinion theme analysis
The previous section divided the life cycle stages based on Baidu index and Weibo
data volume, and carried out text emotion recognition analysis based on OCC-BERT
deep learning model.In this section, the corpus will be divided by life cycle and

emotion. Based on the LDA topic mining method constructed in the previous chapter,
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the public opinion texts under different emotional categories at each stage of the
public opinion of "skateboard project joining the Olympic Games" will be subject
mined and their subject contents analyzed.

4.6.1 Initial outbreak period

The initial stage of the outbreak of online public opinion of this sports event was from
January 2019 to June 2021. The topics under this stage are explored and summarized,

as shown in the Table 8.

Table 8. The results of topic mining in the preliminary outbreak stage

Phase Partial subject term Summary of topic content
Pl: 224, Wil &t & Pl: Properties of skateboard
Initial ~ P2: @48, 6. B L. RUX
outbreak K

period P3: FRlr. TR . M

P2: Skateboarding social relations

P3: The embodiment of skateboarding
experience

The initial outbreak stage T1 is known that skateboarding has joined the Olympic
Games but has not made an appearance in the Olympic Games. Most participants in
the sport of skateboarding are skateboarding enthusiasts. In long-term participation in
skateboarding, most of them are positive emotions, among which negative emotions
are mostly shown by people injured while skateboarding.Most of the public attention
is on the attributes of skateboarding itself and the direct experience brought by
participating in skateboarding events. Long-term participants mostly record the daily
life of participating in skateboarding projects.The public opinion of neutral emotion is
mostly because the network push paid attention to the skateboard project for the first
time, and did not find emotion-related remarks on the basis of not understanding

them.
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4.6.2 Eruption period
The outbreak stage of online public opinion of this sports event was July to August

2021. The theme of this stage is explored and summarized, as shown in the Table 9.

Table 9. The results of topic mining in the outbreak stage

Phase Partial subject term Summary of topic content
Pl: Hjég\ ﬁjé%\ i%\ g_lé
iz T
Outbreak . R - .. .
P2: Hl¥. A, K. #7K  P2: Skateboard positive emotion

period P3. Neoafi . ¢
- - e : Negative emotions o
P3: T, B, Ry, BEZGAS s
skateboarding

P1: Skateboarding and the Olympics

The outbreak phase T2 occurred when the sport of skateboard officially appeared in
the Tokyo Olympic Games and its competition stage. During the Olympic Games
skateboarding events live broadcasts, many people who pay attention to the Olympic
Games in China did not understand the rules and scoring of the sport. Live TV
assisted them to understand, and generated heated Internet discussion.The positive
discussion mainly focused on the experience after watched the live broadcast and the
extreme sports experience after participating in the skateboarding project for the first
time. The negative discussion was still the problem of sports injury. At the same time,
the discussion about the Olympic Games skyrocketed and began to focus on Chinese
skateboarders, and the direct connection between skateboarding and the Olympic
Games increased.

4.6.3 Recessionary extinction period

The decline and extinction period of the network public opinion of this sports event is
from September 2021 to December 2022. The topics in this period are explored and

summarized, as shown in the Table 9.

Table 10. The results of topic mining in the recessionary extinction stage

Phase Partial subject term Summary of topic content
P1: Wit %4, EM. Pl: About the skateboarding project
R . P itself
ion . . : : :
COCSSIONAY  po. FaF. A, #IX. P2 Participate in skateboarding social
extinction o . .
eriod 4y relationships
P P3: BEWE. FEM. T

P3: Negative emotions of skateboarding

fak. BEAE
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The decline and demise of T3 is the stage after the Olympic Games, netizens have a
preliminary understanding of skateboarding because of the Olympic Games, the
subsequent skateboarding related events have been carried out, enthusiasts continue to
pay attention to, it may cause every time Chinese athletes participate in skateboarding

competitions, it will cause public opinion hot spots on the network.

4.7 Analysis on the evolution characteristics of the emotional theme of
network public opinion
Through the analysis of Weibo comments on different stages and emotions of the
"Skateboarding in the Olympics" public opinion event, this study selected
high-probability feature words under each emotional theme in the lifecycle for
interpretation and thematic feature induction results.
From the initial outbreak stage, it can be seen that netizens mainly engaged in event
discussions and express emotions. In the positive emotion corpus, words such as
“frequently participating in skateboarding”, “making new friends through
skateboarding”, and ‘“skateboarding in leisure time” express a positive attitude
towards the development of time. In the negative emotion corpus, words like “injury”
and “hospital” represent the negative emotions of netizens during this period. In the
neutral emotion corpus, it is understood that netizens receive information through
news, watching videos, and other means, including the main information related to the
event.
From the outbreak stage, it can be seen that netizens mainly engaged in event tracking
and express emotions. In the positive emotion corpus, words such as “exciting
skateboarding”, “young sports”, and “want to participate” added the willingness and
behavior of wanting to participate in sports compared to the previous stage expressing
good wishes. In the negative emotion corpus, words such as “first aid kit”, “falling”,
and “injury”, in addition to expressing fear, also added a psychological state of
worrying about getting injured during the participation process. In the neutral emotion

corpus, there were discussions on the new sports added to the Olympics.
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From the decline stage, it can be seen that netizens mainly engage in post-events
arrangements and express emotions. In the positive emotion corpus, it was understood
that the number of people who like skateboarding has increased and skateboarders
have received attention. In the negative emotion corpus, it expressed understanding
for the injuries caused by participating in skateboarding. In the neutral emotion corpus,

it conveyed netizens' discussions on the addition of new events to the Olympics.

Based on the above, in the process of public opinion communication, the thematic
views of the communication topics of positive emotion corpus, negative emotion
corpus and neutral emotion corpus have their own characteristics emotional tendency
and reasons. Meanwhile, in terms of the overall evolution of public opinion at each
stage, netizens' concerns vary from "event discussion" to "event tracking" to "event
arrangement”, and each stage is accompanied by certain "emotion expression".But the
emotions expressed change with each stage.lt can be seen from the evolution of the
characteristics of the public opinion communication cycle that the feature evolution
excavated based on the research case is in line with the logic of the development of
events.Therefore, it shows that the research model of the evolution characteristics of
online public opinion on emergencies based on life cycle, emotion and topic data is an

effective research tool.

4.8 Summary
This chapter used Weibo and Baidu Index as the data sources of online public opinion
for sport events, took the online public opinion of skateboard's inclusion in the
Olympic Games as case study, conducted a series of pre-processing of the collected
data, and divided the life cycle of public opinion based on the life cycle and the
amount of public opinion information.The overall and stage emotion evolution of
OCC-BERT model was analyzed for the emotion recognition results of public opinion
text data.At the same time, LDA model was used to explore and summarize the theme

of skateboard joining the Olympic Games, analyzed the theme evolution
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characteristics of network public opinion, and finally put forward policy suggestions

for empirical analysis.
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CHAPTER V

DISCUSSION & SUGGESTIONS FOR FUTURE RESEARCH

5.1 discussion about skateboarding

In the context of rapid development in global socio-economics and globalization, the
frequency of various events erupting continues to increase, bringing significant heat
and discussion to public life and society. In today's rapidly developing internet era,
sports, with its unique position and role, leads the world trend and is closely linked to
various countries, national economies, and politics (Rubdy, 2001). Although the
discussion about whether the Olympics should stay away from political factors has
never stopped, in today's era of globalization, sports inevitably have multiple
connections with various aspects of society (Gu, 2008). Therefore, monitoring online
public opinion has become increasingly important. The Olympics continue to
innovate by adding new events and making changes based on feedback and the
development of the times. It is also hoped that the Olympics can adapt to the
development of the times, attract young people and people of all ages to participate in
sports, and enhance the Olympics' attention and influence.

This thesis takes sports event online public opinion as the specific research object and
conducted research on the evolution of public opinion sentiment and topic features
from the perspective of text sentiment analysis and topic mining. By using the
lifecycle theory and dividing public opinion information into different stages, the
OCC-BERT model was used to classify and extract sentiment from public opinion
data(Liu & Gu, 2022), and it was applied in the case study to realize the analysis of
the emotional evolution of online public opinion. By dividing the corpus into slices
based on lifecycle and sentiment classification, the LDA method was used to identify
and extract public opinion topics, and the results of topic mining that integrate
sentiment and lifecycle were identified and summarized(Chen et al., 2015), accurately
was deconstructing the topic features of sports event online public opinions and
exploring the changes in netizens' emotions and focal points. Based on the research

ideas mentioned above, a case study on the inclusion of skateboarding in the
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Olympics was conducted for empirical analysis. Through the construction of the
aforementioned models and empirical analysis, the main research conclusions
obtained in this article are as follows:

(1) In the analysis of the emotional evolution of online public opinion regarding the
inclusion of skateboarding in the Olympic Games, significant differences in the
emotional tendencies of netizens were found at different time periods. During the
initial stage of the event, most netizens were relatively rational and expressed positive
emotions, such as anticipation for skateboarding to be officially included in the
Olympic Games. The negative emotions expressed by netizens mainly centered
around injured individuals. After the official debut of skateboarding at the Tokyo
Olympics, the intensity of negative emotions expressed by netizens was significantly
smaller compared to positive emotions. Additionally, regardless of the mainstream
stage of positive emotions or negative emotions, the development process will
produce contradictory emotions, positive and negative emotions always exist
simultaneously. During times when negative public opinion increased, the group of
skateboarding enthusiasts began posting publish educational content on social media
platforms to popularize skateboarding in school and leisure time.

(2) In the analysis of the thematic features of online public opinion regarding the
inclusion of skateboarding in the Olympic Games, changes in netizens' focal points
were observed under different stages and emotions. By mining netizens' focal points,
the reasons for the changes in netizens' emotions were reflected. With the subsequent
development of the event and the passage of time, discussions, tracking, and
arrangement of skateboarding relevant topics surrounding the event took the lead, and
netizens' emotional expressions were present in every stage. At the same time, from
the thematic expressions of netizens' negative emotions, it can be seen that the main
source of negative public opinion is the potential sports injuries associated with
skateboarding itself. Therefore, it can be inferred that the negative emotions in
skateboarding make it necessary to consider many factors in the future development
and promotion of skateboarding. Attention to skateboarding injuries can be extended
to the teaching, training, and research of skateboarding. As one of the popular options
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for parents and students to choose as a sport, skateboarding is one of the extreme
sports with relatively low participation difficulty specific venue requirements.
However, the training and teaching market is relatively chaotic(Wang, 2022), and the
qualification of coaches varies. Despite the low venue requirements, there are few
venues that are truly well-equipped and guaranteed, and the operation and
management of venues also need to be planned for the long term. Finally, the athletes
in the skateboarding project are relatively young, and the selection and training of
future athletes not only require the learning of professional skills but also need to
follow the growth rules of adolescents in terms of curriculum arrangement, and the
learning of cultural classes and skateboard training should be carried out at the same
time.

(3) The OCC-BERT sentiment classification model can accurately identify the
sentiment tendencies of microblog texts in sports event online public opinion. The
sentiment recognition model based on the BERT model constructed for sport event
online public opinion is superior to the LSTM algorithm based on deep learning and
the machine learning support vector machine (SVM) algorithm in terms of sentiment
recognition effectiveness. In the process of sentiment annotation of online public
opinion texts of the event, the application of OCC sentiment rules can improve the
accuracy of the sentiment recognition model. The combination of the OCC sentiment
rules and the BERT model can achieve a maximum accuracy of 0.8931. This indicates
that the OCC model and the deep learning BERT model have certain scientific and
advanced features in the sentiment classification research of burst event online public
opinion. They provide a support basis for the analysis and decision-making of sports
projects, and also offer a new solution for the research of sentiment classification in

online public opinion.

5.2 Limitation
Under the limitation of time and energy, this study has limitation. It can be further
improved in two aspects. Firstly, although this paper uses the advanced BERT model
combined with OCC sentiment rules for sentiment classification of public opinion text
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content in the emotion recognition part, it neglects the word position in the text by
using the topic model (LDA) based on machine learning algorithm for topic mining.
Additionally, the results of the topic model (LDA) are greatly influenced by the length
of the text, and for short texts, the frequency of word occurrence is usually low(Qiu,
2024). With the widespread application of deep learning in the field of natural
language processing, topic extraction based on deep learning will have better
extraction effect than the topic model (LDA), and can explore the association
attributes between words to make the semantic information more abundant.

On the other hand, in the selection of public opinion events, only the topic
"skateboarding entering the Olympics" is analyzed, and it is necessary to combine the
public opinion events of four other sports entering the Olympics to further verify the
sentiment evolution and topic feature analysis of the sports event network public
opinion research methodology. Subsequent research could also analyze multiple
public opinion events in order to optimize the research on sentiment evolution and
topic feature analysis of public opinion as proposed in this paper, and meet the

analysis needs of a large number of public opinion events in the sports event context.

5.3 Suggestion for future research

With the successful inclusion of skateboarding in the Olympics, its development in
China has encountered new opportunities and challenges. As a vibrant and promising
sport, skateboarding has a broad prospect for development in China. However, in
order to realize this potential, a series of measures need to be taken to promote the
long-term development of skateboarding in China. This article will propose
suggestions regarding the current status, challenges, and future development
directions of skateboarding in China.

1. Strengthen infrastructure construction. The development of skateboarding requires
good infrastructure support, including skate parks, public skateboarding facilities, and
related supporting facilities(Wang, 2023). Therefore, it is recommended that the
government increase investment in skate park construction, provide more skate parks
and skateboarding areas, and offer more practice and communication venues for
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skateboarding enthusiasts. It is also important to enhance the management of skate
parks and skateboarding areas, and equip them with medical measures.

2. Promote the popularization of skateboarding culture. Skateboarding is not only a
sport but also a culture and way of life(Dawid, 2009). Therefore, it is recommended to
strengthen the promotion and popularization of skateboarding culture through
organizing skateboarding competitions, cultural activities, promotional events, and
other means. This will help more people understand and accept skateboarding culture,
thereby increasing the audience base for skateboarding.

3. Develop skateboarding education for youth. Youth are the main participants and
driving force of skateboarding. It is suggested to strengthen training and education for
youth skateboarding, promote skateboarding courses and activities in schools and
communities, cultivate more outstanding young skateboarders, and provide them with
development opportunities and support.

4. Enhance international exchanges and cooperation. As an international sport,
skateboarding needs to be connected with the international community and strengthen
international exchanges and cooperation. It is recommended to strengthen connections
with international skateboarding organizations, actively participate in international
skateboarding competitions and events, and enhance the influence and
competitiveness of Chinese skateboarding on the international stage.

5. Cultivate excellent athletes and coaching teams. Talent identification and
development are key to the development of skateboarding. It is suggested to
strengthen the training and selection of skateboarders and coaches, improve their
competitive and teaching levels, and provide more outstanding talents for the
long-term development of skateboarding.

6. Enhance the construction of the industry chain. The development of skateboarding
also requires a sound industry chain support. It is recommended to strengthen the
development of related industries such as skateboarding equipment, clothing, and
event organization, promote the healthy development of the skateboarding industry

chain, to provide more support and guarantee for skateboarding.
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7. Strengthen scientific research and popularization. Skateboarding is a complex sport,
and the sustainable development of skateboarding requires continuous scientific
research support. It is recommended to strengthen scientific research and
popularization of skateboarding, explore the laws and characteristics of skateboarding,
provide scientific training methods and guidance to promote the further development
of skateboarding.

In summary, the development of skateboarding in China faces many challenges but
also holds enormous potential for development. By strengthening infrastructure
construction, promoting the popularization of skateboarding culture, developing
skateboarding education for youth, enhancing international exchanges and
cooperation, cultivating excellent athletes and coaching teams, enhancing the
construction of the industry chain, and strengthening scientific research and
popularization, skateboarding can be promoted for long-term development in China

and achieve success on the international stage.
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