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ABSTRACT 

  

Sentiment analysis of Microblog text has become an important research direction 

in the field of natural language processing (NLP), thanks to the rapid development of social 

media platforms such as Microblog. However, the unique characteristics of Microblog data—

such as short text length, informal language, the inclusion of emoticons, and dynamic changes 

in sentiment over time—pose significant challenges to traditional sentiment analysis methods. 

This paper proposes a comprehensive Microblog sentiment analysis framework that combines 

improved web scraping techniques, advanced data preprocessing methods, and deep learning-

based sentiment classification models to enhance the accuracy and robustness of the analysis. 

Microblog data collection: We explore the challenges of Microblog web scraping, 

where anti-scraping mechanisms limit large-scale data collection. We propose an optimised 

scraping strategy to efficiently collect text data and overcome access restrictions. 

Microblog data preprocessing: Due to noise in raw Microblog data, we employ 

regular expressions, Jieba word segmentation, and stopword removal techniques to extract 

clean, sentiment-relevant text for analysis. 

Deep learning-based sentiment analysis: We introduced a CNN-BiLSTM model 

with an attention mechanism, which can capture local features through CNN, process long-term 

dependencies through BiLSTM, and assign weights to key sentiment clues through the attention 

mechanism. Experiments on real Microblog datasets show that our model outperforms baseline 

methods in classification accuracy. 

This study not only advances innovations in sentiment analysis methods but also 

provides practical insights for applications such as public opinion monitoring and social media 

analysis. Future research could explore multimodal sentiment analysis (integrating text and 

emojis) and domain adaptability across different Microblog scenarios. 

 

Keyword : Microblog, Sentiment Analysis, Web Scraping, Data Preprocessing, CNN, 

BiLSTM, Attention Mechanism 
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Chapter 1 Introduction 

 

1.1 Research Background 

In recent years, Internet technology and related industry chains are 

experiencing rapid development, especially the rapid development of mobile Internet 

technology. More and more people are starting to use the Internet and its derivative 

products, resulting in an ever-expanding user base. According to the 51st Statistical 

Report on Internet Development in China released by China Internet Network 

Information Center (CNNIC) in March 2023, by December 2022, the number of 

Internet users in China will reach 1.067 billion [1], an increase of 35.49 million over 

December 2021, and the Internet penetration rate will reach 75.6%. Among them, the 

number of social media users accounts for 95.13% of all Internet users, as shown in 

Figure 1. In the whole scale of Internet users, after a long period of uninterrupted 

development, the scale of mobile Internet users has reached 1.065 billion, an increase 

of 36.36 million compared with December 2021, and the proportion of Internet users 

using mobile phones is 99.8%, as shown in Figure 2. 

 

Figure  1 Chart of changes in the size of Internet users and Internet penetration rate 



 

 

 

 

Figure  2 The scale and proportion of Chinese mobile Internet users 

 

With the passage of time, the Internet has been integrated into people's daily 

life, and has become an indispensable and important element.Especially with the 

continuous development of the concept of "Web 3.0", people's interaction with Internet 

information has changed from passive acquisition to active creation, and this change 

has had a profound impact on Internet users and Web service providers. While Internet 

user groups browse web information, they are also unknowingly generating new 

Internet content.This process of content creation is no longer limited to consumption, 

but rather to the spontaneous incorporation of personal insights, ideas, and creativity 

into the Web. At the same time, Web service providers are actively pushing the 

boundaries of what is possible by launching various Web applications to meet the 

needs of users to create content and support this innovation and interaction. Many 

forms of social media platforms have emerged on the Internet, including social 

networking sites, Tiktok, WeChat, Microblog,and so on. These social media platforms 

provide important communication and sharing platforms for users to access 

information and communicate with each other in a variety of ways, as well as to 

express their views and ideas and derive valuable information from them.These 

platforms not only provide users with a window to connect with the world, but also 
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influence the dissemination of information and social interaction to a great extent.A 

comparison of the usage purposes of typical social apps,as shown in Figure 3. 

 

Figure  3 A comparison of the usage purposes of typical social apps 

 

Microblog as the most popular social software in China today, is used as the 

main channel for information sharing and interactive communication among users [2]. 

It is also the largest social networking platform in China, accounting for 89% of all 

online social activities in China. Currently, it is known as the Chinese version of 

Twitter. Microblog brings a new way of interaction to users, allowing them to share 

information, make connections, disseminate content and access information in real 

time. Microblog has set up a set of rapid and comprehensive posting rules to enable 

users to share concise, real-time information instantly. In foreign regions where 

Twitter is the dominant social media, Twitter has grown rapidly due to its different 

interaction methods from other social platforms and the concept of providing users 

with a sense of convenience and speed, and has become the earliest microblog 

application recognized by Internet users as well as being widely used and promoted 

[3][4]. Sina's Q1 2023 earnings report shows that as of March 2023, microblog had 

593 million monthly active users, a net increase of about 11 million year-on-year. 

Mobile users accounted for 95% of monthly active users. average daily active users in 

March 2023 were 255 million,a net increase of approximately 3 million year-over-
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year.Number of monthly active users of microblog corporation from 1st quarter of 

2015 to 1st quarter of 2023,as shown in Figure 4. 

 
Figure  4 Number of monthly active users of microblog corporation from 1st quarter 

of 2015 to 1st quarter of 2023 

With the rapid development of the mobile Internet, the mobile terminal platform 

represented by microblog is gradually integrating into people's lives and is closely 

connected with their daily lives. The rise of social media has accelerated the process 

of socialization, while the continuous evolution of the Internet has also prompted 

people's free time to be gradually filled by cell phones. This leads to fewer 

opportunities for face-to-face communication and a greater tendency for people to 

share their experiences through virtual platforms, such as social networks, and to 

reduce loneliness by interacting with others. People are increasingly willing to look to 

major information distribution platforms as their primary source of news compared to 

traditional ways of obtaining information (Such as newspapers, television and so on). 

Microblog has grown to have 60 different verticals with an increasingly robust 

ecosystem[5]. Microblog covers a wide range of everyday areas, which has attracted 

many companies, enterprises and social organizations. With the addition of these 

platforms, microblog has become a mainstream information dissemination and social 

media tool with a wider audience.Microblog has achieved comprehensive information 
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coverage in different fields, thus further strengthening its social influence [6].The 

microblog vertical ecosystem is shown in Figure 5. 

 

Figure  5 The microblog vertical ecosystem 

 

The microblog platform has a huge user base of 255 million daily active users 

(DAU) every day, which leads to a constant influx of web data on the platform. The 

content of microblogs comes in various forms, including plain text, emoticons, 

pictures, videos,and so on. Users can express their emotions with microblog anytime, 

anywhere, and they can also retweet other people's microblog to express their own 

opinions[7]. However, the information on the microblog platform varies greatly, from 

users' preferences for popular celebrities, to their views on current political hotspots 

and national policies, to their comments on popular variety shows or the latest 

technological products, these short microblog textbooks and comment data, which are 

full of subjectivity, contain great commercial and social value. For example, 

businesses can collect users' comments or scores on a product to analyze its popularity 

and possible areas for improvement from a macro perspective; government agencies 
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can collect users' views on current political hotspots or national policies to analyze 

users' emotional tendencies in order to better grasp public opinion trends; and even 

some Internet celebrities can manipulate microblog hot searches to influence users' 

emotions and thus increase their attention. Even some internet celebrities can 

manipulate the hot search on microblog to influence the users' emotions, thus 

increasing their own attention. With the increasing number of users, the value of 

microblog information has become more representative. Under each popular event, 

there are various voices, and most of them are presented in the form of texts. These 

texts contain rich information about emotional tendencies, which are of great practical 

value and revelation for business, politics, education and other fields, so it becomes 

especially important to accurately grasp the emotional tendencies of users. 

1.2 Research Objectives 

This paper proposes a research on microblog text sentiment analysis based on 

web crawler, which mainly contains several aspects such as microblog data crawling, 

microblog data preprocessing, and microblog text sentiment analysis. 

(1) Microblog data acquisition  

On the microblogging platform, the data presents the characteristics of huge 

quantity and diverse forms. In order to realize efficient data acquisition, we choose to 

take the text data, which accounts for the largest proportion of microblog data, as the 

main crawling target. Web crawlers may encounter various anti-crawling difficulties 

when crawling microblog data, because websites take a series of measures to restrict 

crawler activities in order to protect data security and prevent malicious crawling . 

Based on the study of microblog web crawling workflow, we analyze the shortcomings 

of the existing microblog web crawling strategy and propose an improved microblog 

crawler crawling strategy. 

(2) Microblog data preprocessing 

In the process of data crawling, the obtained data are often interfered by various 

noises, which contain a large number of meaningless texts, symbols, links and 

emoticons. These noises will interfere with the analysis of the sentiment tendency of 

the text, so the data need to be cleaned. In order to obtain accurate results of sentiment 
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analysis, this paper adopts the technical means of regular expressions, jieba splitting 

and removal of stop words to process the data obtained by crawling. The purpose of 

these steps is to extract the "pure" data related to sentiment analysis. 

(3) Sentiment analysis of microblog data 

Microblog short text information contains a large amount of network language, 

emoticons, etc., and due to the long-time span of the content, the emotions of the posts 

posted by people often change due to time or the occurrence of certain special events. 

Therefore, traditional sentiment analysis methods are not suitable for this task. This 

article proposes a CNNs-Bi LSTM sentiment analysis method that integrates attention 

mechanism. It combines convolutional neural networks and bidirectional short-term 

memory networks to obtain keyword information in text through attention mechanism, 

efficiently and accurately realizing data temporal and semantic information mining. 

Through experimental verification using Microblog public opinion data, the results 

show that this method achieves higher accuracy compared to other benchmark models 

and can fully utilize multidimensional matrices to capture rich text features, with 

certain advantages. 

1.3 Benefits of the Research 

Microblog users mainly create content through texts, and these texts contain a 

wealth of useful information. In recent years, microblog text sentiment analysis has 

become a new research field that has attracted much attention. This is because 

microblog text data contain a lot of important information, which has important 

research value for a variety of tasks such as sentiment tendency and market research. 

In different application scenarios, these text data can be helpful for in-depth analysis 

and insights. 

For government users, by analyzing the sentiment tendencies in microblog texts, 

the government can more accurately capture the emotional dynamics of the people and 

gain a deeper understanding of the emotional state of different regions and groups of 

people, thus providing real-time and accurate data support for policy making and 

livelihood research. In addition, microblog sentiment analysis can also help the 

government grasp social hotspots and changes in public opinion in a timely manner, 
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providing important references for responding to public opinion and maintaining 

social stability. 

For corporate users, microblog text sentiment analysis can provide insight into 

consumers' emotional attitudes towards products and services. By analyzing the 

comments and evaluations of microblog users on specific commodities, enterprises 

can understand consumers' preferences, needs and feedback, and then optimize 

product design and improve service quality to better meet market demand. In addition, 

enterprises can use sentiment analysis to predict market trends, develop more accurate 

marketing strategies, and improve market competitiveness. 

For individual users, microblog text can help to understand the user's inner 

emotions and record the emotional changes over time. Sentiment analysis of microblog 

text is important for individual mental health concerns and interventions. By analyzing 

the texts posted by individuals on microblogs, it is possible to understand their 

emotional changes and psychological states, providing clues for early detection of 

mood swings and psychological problems. Especially in the face of increasing mental 

health problems, microblog sentiment analysis can provide strong support for mental 

health professionals to intervene with patients in a timely manner and provide 

appropriate psychological counseling and support. 

In summary, microblog text sentiment analysis is not only a promising research 

direction, but also a technological application that benefits multiple levels and fields. 

By digging deeper into the sentiment information in microblog text, we are able to 

provide more accurate and targeted decision-making support and services to 

governments, enterprises and individuals, thus maximizing the social benefits. 
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Chapter 2 Literature Reviews 

 

2.1 Current Status of Data Acquisition Research 

In foreign countries, research on the collection of Twitter microblogging data 

mainly focuses on studying the use of TwitterAPI. This is because TwitterAPI is 

relatively mature in foreign countries, and it is also supported by rich third-party APIs 

and detailed development documents. Therefore, most foreign Twitter data collection 

systems are based on the existing TwitterAPI for secondary development. 

In their study, researchers such as Zeel Doshi developed a tool that can analyze 

Twitter sentiment tendencies and perform visual analysis by using a third-party API 

tool, Tweepy. On the other hand, researchers such as Java  used Twitter's Search 

Application Programming Interface (API) to collect tweet data from it. They extracted 

discrete features about trending issues by categorizing the content of tweets and used 

it to build a system to recommend relevant content to target users. 

The current methods on microblog data collection mainly include the following:  

(1) data collection based on the API provided by microblog 

(2) methods combining microblog API and web crawler technology 

(3) data crawling based on web crawler technology. 

Web crawlers, as an important part of search engines, have been subject to 

continuous attention and research by scholars and well-known enterprises at home and 

abroad. As early as 1993, the world gave birth to the first web crawler, which was 

designed and developed by Matthew Gray [8] and named World Wide Web Wanderer. 

the initial design goal was to calculate the number of servers in the network, which 

was later used for web crawling. However, limited by the state of the art at the time, 

the crawler actually indexed only about 6000 web pages. Due to the limited network 

resources at the beginning, a standalone web crawler running independently was 

sufficient to fulfill the users' needs. However, with the continuous progress of network 

technology, the information carried in the network showed a geometric growth. The 

gradual emergence of distributed technologies to fill the deficiencies of stand-alone 

web crawlers in handling massive data crawling and analyzing in the era of big data. 
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The introduction of these techniques enables more efficient crawling and processing 

in the face of huge data volumes to meet the challenges of information explosion. 

In 1994, Eichmann [9] at the University of Houston developed an Internet crawler 

called RBSE (Repository Based Software Engineering) with funding from NASA. 

The crawler utilizes the working principle of search engines with the goal of retrieving 

highly relevant documents. The core component is a crawler program called Spider, 

which is capable of creating and managing Oracle databases. By employing a breadth-

first traversal strategy with limited depth, it traverses pages linked by "/html" or 

"http:/".One of the main functions of RBSE is to identify and store new resources or 

sources of information in the repository before notifying the user with One of the main 

functions of RBSE is to identify and store new resources or information sources in the 

repository and then notify the user about these new resources. This crawler system 

was designed and developed to help users better access and manage content on the 

Internet through efficient information retrieval. This approach contributed to the 

advancement of the information retrieval field at that time. 

In 1999, Calton Pu and others [10] created a web crawler system using a search 

mechanism similar to that provided by WAIS (Wide Area Information System). This 

system allowed the crawler's triggers to be customized according to the user's needs 

and came with a push system that proactively pushed information about new resources 

crawled to the user. Subsequently, in 2001, IBM introduced WebFountain [11], a 

distributed web crawler system similar to the high-performance crawler Mercator 

[12].WebFountain consists of a master node and multiple slave nodes that collaborate 

to accomplish the crawling task, and also possesses excellent scalability. 

In 2002, Cho J and others [13] first categorized distributed crawlers and proposed 

a set of crawler evaluation criteria to compare traditional stand-alone crawlers with 

distributed crawlers, and the results showed that distributed crawlers are more 

efficient. Among them, the well-known distributed crawler system UbiCrawler [14] 

shows good compatibility and scalability in terms of performance. This system can be 

deployed on multiple computers, while a web page de-duplication mechanism is 

introduced in the crawler system to prevent crawling data information from duplicate 

web pages. 
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In 2004, Maggini M and others [15] proposed a strategy for controlling the 

bandwidth of the crawler after studying document importance based and topic based 

crawling strategies. This strategy is applicable to small search engines by monitoring 

the transfer rate statistics of each server to determine the optimal number of parallel 

downloads. 

In 2006, Harth A and Umbrich J and others [16] proposed a semantic based 

distributed crawler system which consists of five phases such as crawling, detection, 

transformation, indexing and extraction. In this system, the crawled web content is 

converted into a directed markup graph and indexed for structured queries. Meanwhile, 

Matsuo Y and others [17] proposed a social network crawler system called 

"POLYPHONET" for detecting the relationship of data and information between 

people and obtaining documents shared on the network. The scalability and relevance 

recognition features of a simplified search engine crawler module are utilized in order 

to repeatedly identify each entity and crawl the relationships to obtain more accurate 

information about social network data. 

In 2009, Matthew Hurst and Alexey Maykov [18] designed and implemented a 

web crawler for social media blogs. Since blogs and other social media differ from 

traditional web content in several ways, the system utilizes the time of posting a blog 

as a URL prioritization condition to ensure the quality and importance of the blog 

crawl. The system includes a scheduling subsystem and a fetching subsystem to issue 

URL requests one by one as the fetcher's capacity allows for load balancing. 

In 2011, Lianjie and others [19] on the other hand, solved the problem of 

incomplete data collection due to API limitations, and successfully realized 

comprehensive and efficient access and data collection for Sina Microblog.Philipp 

Berger and Patrick Hennig and others [20] improved the feed-crawler to become a 

general and scalable of a blog crawler. Data crawling of blog posts was implemented 

through the MapReduce [21] and Apache Nutch [22] frameworks, and new analytics 

were explored, utilizing in-memory databases for support. 

In 2013, Shunhua Chen and others [23] proposed a microblogging data collection 

scheme based on microblogging APIs, which successfully achieved efficient 
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microblogging data acquisition by finely controlling the number and frequency of API 

calls and employing distributed crawling techniques.Rafael Ferreira and Fred Freitas 

[24] further investigated distributed crawling of social media blogs, and proposed 

RetriBlog, an architecture-centered framework for crawlers that crawl blog data 

information. By adopting an architectural development approach, the complexity of 

development can be better controlled, thus facilitating a parallel development process 

and reducing system maintenance costs. 

In 2014, Lavanya Pamuapart and others [25] proposed a new approach to avoid 

web crawler crawling overload. Since it is often difficult for servers to respond in a 

timely manner when downloading large files or executing a large number of task 

requests per second, the method introduces a sequential streaming protocol (Leakey 

Bucket) that retrieves data in a sequential manner in order to ameliorate the 

overloading problem during data retrieval. Meanwhile, a mobbing unrestricted router 

(MURR) consisting of three phases: inbound, peak and outbound is proposed to allow 

crawling when the traffic is less than the peak, otherwise the server will be requested 

to extend the network resources in order to improve the crawling overload problem 

effectively. 

In 2015, Mingxiang Zhong and others [26] used a browser-control led 

multithreaded crawling approach, which leverages the browser kernel to parse 

dynamically loaded data in microblog pages, especially by processing the 

asynchronously loaded content of Ajax on microblog pages. This approach further 

enables user-centered data acquisition, allowing researchers to obtain more 

comprehensive information about user-related data. 

In 2016, Gossen [27] proposed an open-source focused crawler called iCrawl, 

which aims to collect fresh content and relevant web page information related to 

specific topics in social networks. This crawler system seamlessly integrates web and 

social media to collect web and social media data in a single system. In addition, it 

utilizes newly generated data streams from social media to guide the crawler in order 

to extend the completeness of the content it crawls. Tested with the social platform 

Twitter as a source of fresh data, the results demonstrate iCrawl's ability to take full 

advantage of accurate focused crawling as well as the continuous input of fresh data 
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streams from social media when collecting real-world datasets. This system also has 

the ability to automatically adjust the crawling direction to adapt to the newly 

generated information sources. Lu Yang [28] proposed an innovative approach to 

simulate user logins on the Sina platform using P2P technology in order to obtain data 

related to hot microblogging topics. This approach successfully overcomes the 

limitation of the limited number of APIs provided by microblog to grab more data 

from the system. With this approach, they developed a highly stable crawler system 

that can work continuously for 24 hours, thus enabling round-the-clock collection of 

data on microblog. This innovative work achieved remarkable results in terms of 

scalability and stability, providing strong support for crawling and analyzing 

microblog data. 

In 2017, Dani Gunawan [29] proposed a distributed focused web crawling 

approach. One computer was used as the crawler host and four crawler slaves with the 

same hardware were configured to achieve efficient web content crawling. Although 

adding threads increases the network load, the optimal number of threads needs to be 

determined to strike a balance between efficiency and load. 

In 2018, Yunfang Liu [30] improved an accuracy-aware incremental crawling 

algorithm aimed at improving the effectiveness of web crawlers. Using the technique 

of mixed integer quadratic programming, an optimal refresh strategy was designed for 

those web links whose content changed. This refresh strategy aims to optimize the 

execution of the parallel crawler, thus improving its performance and also the quality 

of the page updates. 

In 2019, Sekhar S [31] proposed a natural language processing based page 

relevance prediction algorithm called TextRank for focused web crawlers.This 

algorithm determines the degree of relevance of a web page to a topic based on the 

frequency of occurrence of the topic word in the top ranked sentences in the web page 

content. By ranking the sentences while ensuring that the content of the original web 

page data is correctly categorized, the algorithm is able to crawl web content around 

the topic without being marginalized. By comparing it to a web crawler with a breadth-

first strategy, the experiment confirms the effectiveness of the TextRank algorithm and 

its ability to crawl around topics. 
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In 2020, Dr. G S Pradeep Ghantasala and others [32] proposed a method to 

compute web page similarity at high speed by combining the combined structure of 

PageRank web algorithm and Shark look web algorithm. Comparing the Shark-Search 

algorithm with the previous PageRank algorithm, it was found that the web crawler 

using this structure was able to scan more deeply into the web area where the similarity 

sites are located. At the same time, the crawler system stops crawling data information 

for the network area of irrelevant pages, which improves the crawler system's 

efficiency in crawling high-value web information. 

In 2021, Rongrong Xie [33] proposed a simulation of web crawler-based big data 

crawling method for web pages. Xiangyu Long [34] Shengmin Zhang [35] faced the 

need of obtaining useful information and deeply optimized the crawler data collector 

by using Python software on the basis of generic web crawler technique. Lei Gang and 

others [36] proposed a public cloud-based microblogging web crawler and public 

opinion visualization and analysis experimental platform design, including the virtual 

environment construction of the public cloud platform, web crawler programming, 

Sina microblog comment data automatic collection, public opinion analysis and data 

visualization and other modules, which formed a comprehensive experimental project 

of the characteristics of the innovative practice of smart media communication, media 

integration and so on. The practical results show that the study is conducive to 

improving students' media literacy, news reporting practical ability and innovation 

ability. 

In 2022, He Bo [37] proposed the maintenance method of crawler program in 

microblog based on Python in order to improve the stable operation ability of the 

microblogging platform and give users a better social experience. Sun Zhaoyu[38] 

proposed the design and implementation of microblog crawler program based on 

Python, using Python language to design the microblog crawler program, based on the 

study of the basic concepts and principles of web crawler, designed an application 

with four functional modules of configuration, crawling, storage, and analysis, which 

provides technical support for the regulation of media content and data analysis. Lu 

Lili [39] proposed the design and implementation of a social platform opinion user 

tracking system based on crawlers, through crawlers and deep learning methods, as 
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well as a big data analysis platform to realize the association mining for user 

inappropriate comment information, by crawling the microblogging social platform 

data to validate the system architecture and methods proposed in the paper, and 

achieved good results. 

In 2023, Deng Xiaolu and others [40] proposed a Scrapy-based microblog data 

crawler study, exploring the implementation of a web crawler tool based on the Scrapy 

framework to accomplish data capture and other objectives. The tool searches for 

relevant microblog information based on one or more microblog keywords and writes 

the search results to a local file. Zhu Rongshen and others [41] proposed a distributed 

network oriented anti-crawler data orderliness study for the problem of disorder in 

anti-crawler data to reduce the difficulty of data subsequent processing. Sun Chuan-

nang and others [42] proposed a study on keyword matching retrieval for web crawlers 

based on Python language. Combined with user preferences, user-related information 

is obtained from user labels, retrieval history, browsing behavior, etc., a user feature 

model is constructed, and the pseudo-code feature values of Python language are 

calculated. Determine the crawler path, obtain the keyword and non-keyword node 

feature weights, and realize the keyword matching retrieval of web crawler. Dolin Liu 

[43] proposed a distributed web crawler data collection algorithm under Scrapy 

framework to improve the data collection speed and avoid repeated collection. 

2.2 State of the Art of Sentiment Analysis Research 

Natural Language Processing (NLP) is one of the major directions in the field of 

artificial intelligence, which is a discipline that studies how to make computers 

understand human language. Nowadays, more and more Internet users can express 

their concepts and share their ideas and opinions on online platforms. Therefore, it is 

possible to analyze the emotional color and tendency of the speech of the users of 

major platforms, which is important for the government to understand the people's 

hearts and minds, and to serve the people; for merchants and enterprises, knowing 

where the customer's preferences and needs are will help merchants to improve their 

own services, and to launch new products; in the aspect of emotional catharsis, 

computers can also act as a window of emotional catharsis and may bring help to 

people who have repressed emotions. Suppressed emotions may be able to bring help.  
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Sentiment analysis is the use of computer algorithms to automatically detect 

emotional valence, or sentiment, from text or speech, usually by inferring positive, 

negative, or neutral emotional valence from a piece of text, or the number of stars in a 

product or movie review, or the degree of positivity indicated by a real number 

between 0 and 1 in a passage of text. More generally, sentiment analysis can infer a 

person's attitude toward a particular goal or topic, which can be an evaluative 

judgment such as positive, negative, or an emotion such as frustration, happiness, 

anger, sadness, excitement, etc. Sentiment analysis can also refer to inferring positive, 

negative, or neutral sentiment validity from a piece of text, or a product or movie 

review, or a real degree of positivity between 0 and 1. Sentiment analysis can also 

refer to the determination of a person's emotional state from his or her expression, 

whether or not the expression is directed at an external entity [44].  

The concept of sentiment analysis has attracted extensive attention from scholars 

in the field of natural language processing since it was introduced by Nasukawa [45] 

in 2003. Currently, there are three mainstream sentiment analysis methods: one is 

based on sentiment lexicon; the other is based on traditional machine learning; and the 

third is based on deep learning. 

2.2.1 Sentiment Classification based on Sentiment Dictionary 

The idea of sentiment classification based on sentiment dictionary is relatively 

simple and easy to implement. The general process of this method is shown in Figure 

6, after inputting text data, it is first subjected to a series of preprocessing operations, 

such as word division and deactivation, and then the constructed sentiment dictionary 

is used to traverse the preprocessed words for text matching, and the words ar e 

weighted according to the judgment rules, and the final output is the sentiment type of 

the text. Among them, the sentiment dictionary consists of two parts: words and 

corresponding weights. If the words after word separation and the words in the 

dictionary match, they will be weighted accordingly: the weights of positive words are 

cumulative to each other, the weights of negative words are cumulative to each other, 

the weight of negative words is -1, and the weights of adverbs of degree and negative 

words are multiplied with the weights of the words they modify [46][47]. 
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Figure  6 Emotion classification process based on emotion dictionary 

 

H. Wang [48] proposed a new emotion classification model based on hybrid 

learning. In the first stage, the improved dictionary classification method is used to 

calculate emotion score in the whole data set, and the data with high or low scores are 

directly marked; in the second stage, the rest of the method is based on emotion 

dictionary and Bi-GRU fusion model to calculate emotion score, and the two stage 

hybrid frame makes the method effectively applied in microblog emotion 

classification. K. Jia [49] Based on the existing emotion dictionary, the paper improves 

the calculation method of emotion intensity of different emotion categories of emotion 

words in emotion dictionary. W. Tao [50] Research on the impact of the high 

dimension of comment text features and the implicitness of text expression on 

sentiment classification performance, a deep learning sentiment classification model 

based on topic and sentiment features is proposed for sent iment classification of 

comment texts. Y. Zhang [51] mainly divided the text comments of e-commerce from 

the three aspects of keywords, evaluation objects and emotional resources, and 

classifies them according to the constructed emotional dictionary.  Xie Ruobing and 

others [52] proposed three improved skip-gram models based on Hownet for precise 

analysis of text sentiment trends. Hua Bei and others [53] compiled and merged 

several foundational sentiment lexicons, including HowNet and NTUSD. They 

incorporated emoticon dictionaries and internet vocabulary dictionaries and expanded 

new words using an improved SO-PMI algorithm, creating a relatively comprehensive 

Chinese foundational sentiment lexicon based on this foundation. 

Ahmed and others [54] constructed a multilingual lexicon by learning sentiment 

clustering from sentence context, and experiments show that this method can well 
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improve the accuracy of the discrimination; Zhao Yanyan[55] crawled about 146 

million microblogs by means of a crawler and carried out the work of classifying 

positive and negative words, and constructed a sentiment lexicon based on the text 

counting algor ithm of 50,000 positive words and 50,000 negative words 

respectively.Zhang and others [56] further extended the sentiment dictionary by 

combining the degree adverb dictionary, the negative word dictionary, the Internet 

vocabulary dictionary and other related dictionaries; Chen Keyu and others[57]  

improved the sentiment dictionary and realized the sentiment classification work 

based on it, and obtained a high accuracy rate, but this method is only applicable to 

the hotel field, and the application in other fields is not effective. Wang Xuehe [58] 

and others statistically analyzed the crawled comments of microblogging breaking 

news in 2021, and constructed a sentiment dictionary of breaking news through the 

annotation of lexical properties, and then combined with SnowNLP, and the 

experiments showed that the model improved the accuracy of sentiment analysis of 

breaking news. 

The semantic similarity-based sentiment dictionary construction method is used 

to measure the distance between sentiment words and positive and negative labels, 

according to this method L and others [59] proposed a point -by-point mutual 

information PMI (Point-wise Mutual Information) measure, which is able to judge the 

polarity of the sentiment words very well, but ignores the sentiment representation of 

the sentiment words in the contextual semantics, which makes the sentiment polarity 

judgment is prone to bias.Turney and others [60] proposed a phrase affective tendency 

calculation method of PMI -IR on the basis of PMI, to find the average value of 

affective tendency of text phrases as the result of judging affective polarity. This 

traditional affective dictionary based calculation method is more dependent on 

lexicality, and some words in the text contain multiple meanings of words or reverse 

expressions, which express different emotions in different contexts, but in the 

traditional affective dictionary, the emotion categories are only judged according to 

the emotion words, which cannot accurately express the emotion polarity of the words 

containing the contextual contexts. Therefore, Kang Yue and others [61] proposed the 

method of building 100,000 sentiment dictionaries fused into one large-scale sentiment 
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dictionary to deal with the sentiment classification problem when dealing with 

semantically complex Chinese data, which can well solve the above existing problems 

such as multiple meanings of the word sentiment words.Huanhuan Yuan and others 

[62], in order to reduce the dependence on manually constructed sentiment dictionaries 

and highlight the keywords' In order to reduce the reliance on manually constructed 

sentiment dictionaries, Huanhuan Yuan and others [62] proposed weighted word2vec 

and added an attention mechanism in the Long Short-Term Memory (LSTM) model to 

give full play to the role of keywords in sentiment categorization, so that the sentiment 

words can express the meaning of the original text more effectively, and the sentiment 

polarity of the text can be judged more accurately, but the effect of contextual structure 

on the sentiment polarity is also neglected. Based on the problems of poor adaptability 

and tedious manual operation of sentiment dictionaries, scholars have applied machine 

learning and deep learning methods to sentiment dictionaries in order to construct 

s e n t i m e n t  d i c t i o n a r i e s  t h a t  c a n  i m p r o v e  t h e  a c c u r a c y  o f  s e n t i ment 

categorization.Vaibhavi and others [63] applied Bayesian models to sentiment 

dictionaries, and the sentiment words in text data were classified and trained by the 

Plain Bayesian model, in order to reduce the domain irrelevant sex on the expression 

of emotion. Li Yongshuai and others [64] also applied neural networks to emotion 

dictionaries, and they used a bidirectional LSTM model to construct a dynamic 

emotion dictionary to improve the accuracy of text classification. 

With the continuous progress and development of social networks, a large 

number of network neologisms are gradually generated on social platforms. Since the 

sentiment dictionary cannot be updated in time, it lacks the recognition of new words 

when using the sentiment dictionary approach for text sentiment classification. In 

addition, the classification accuracy of sentiment classification methods based on 

sentiment dictionaries is easily limited by the quality of the dictionaries, and overly 

relies on the inclusion of labeled sentiment words in the dictionaries, so the 

classification accuracy is easily affected and the classification accuracy is not high. In 

order to improve the classification accuracy, scholars began to introduce machine 

learning methods into the field of sentiment analysis and achieved good improvement. 



 

 

 
 

 

19 

2.2.2 Sentiment Classification based on Machine Learning 

Sentiment classification using machine learning methods is mainly divided into 

supervised, unsupervised and semi-supervised, the most commonly used is the 

supervised sentiment classification method, whose general implementation process is 

to prioritize the use of a large number of emotionally labeled corpus to train the 

sentiment classification model, and then input the unlabeled text to be tested into the 

model to predict the sentiment category. 

In supervised methods, the provided data are labeled. Supervised learning For 

each input, the learner is provided with a response target. Some of the common 

supervised methods are Naïve Bayes, SVM, KNN.In unsupervised methods the data 

provided is unlabeled and is automatically categorized based on the intrinsic attributes 

of the data.There are few applications of such methods in the field of sentiment 

analysis. Semi-supervised learning uses a small number of labeled and a large number 

of unlabeled samples to perform supervised or unsupervised learning tasks and falls 

between supervised and unsupervised learning. In semi-supervised methods, the 

classification results can be greatly improved by performing feature extraction on 

unlabeled text, which makes the problem effective when the number of labeled 

samples is small. 

Many researchers have worked on sentiment analysis using supervised machine 

learning methods.Tang and others [65] proposed a regression SVM emotion 

classification model in order to visualize the expression of textual emotion intensity 

thresholds; Haque and others [66] used Linear SVM, Multinomial Naïve Bayes, 

Stochastic Gradient Descent, Randomized Gradient Descent, and Stochastic Sentiment 

Classification model to classify product reviews in the areas of "Mobile Phones and 

Accessories", "Music", and "Electrical Appliances" on Amazon. Gradient Descent, 

Random Forest, Logistic regression and Decision Tree methods for sentiment analysis, 

the best classification results were obtained using SVM on the music domain with an 

accuracy of 94.02%; Tarmer L and others [67] realized sentiment analysis on movie 

review dataset with the help of Naïve Bayes, SVM and Decision Tree algorithms, and 

the experimental results showed that the SVM algorithm had the highest accuracy rate 

under the task; Liu and others [68] compared the three classification methods of 
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Support Vector Machines, Bayesian models and n-tuple language models, the three 

feature selection methods of information gain, CHI statistics and document frequency 

and the three feature weighting methods of Boolean The experimental results showed 

that support vector machine, TF-IDF and information gain are the most effective 

recommendation algorithms in the three integrated recommendation algorithms.  

The experimental results show that the support vector machine, TF-IDF and 

information gain algorithms have the best effect. Liu Yong [69] proposed an improved 

random forest model for text classification application, optimized for the voting 

method, using a combination of decision tree, predictive probability weighted voting 

and combining the random search and grid search strategy to optimize the hyper-

parameters for continuous correction and adjustment, the method achieved good 

performance. Huang Lei and others [70] optimized the lexical annotation sequence, 

combined with the maximum entropy classification model, to determine the sentiment 

category of microblog text. Songyan Zhang [71] proposed a semi-supervised method 

fusing consistency regularity and popularity regularity for sentiment classification 

task. 

However, traditional machine learning methods have some limitations in text 

feature extraction and cannot fully capture the contextual information of words. The 

training effect of the model is often highly dependent on the training corpus, while 

manual labeling of the corpus carries the risk of subjectivity, and the labeling process 

is cumbersome and time-consuming, requiring a large number of human resources 

[72]. In order to make up for the shortcomings of machine learning methods and 

improve the classification accuracy of sentiment analysis, research scholars have 

begun to explore the application of deep learning algorithms in the field of sentiment 

analysis, and have gradually achieved significant results.Soumya S [73] proposed fine 

grained sentiment analysis of malayalam tweets using lexicon based and machine 

learning based approaches,the machine learning algorithms such as Support Vector 

Machine (SVM) and Random Forest (RF) classifiers are used for sentiment 

classification of the dataset. Bingyun Lin [74] taking the“Viya's tax evasion” case 

as an example, firstly, the Latent Dirichlet allocation (LDA) topic model is used to 

construct a topic model of Microblog content in the case, and the optimal number of 

https://ieeexplore.ieee.org/author/37089852099
https://ieeexplore.ieee.org/author/37089536300
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topics is determined by perplexity. Then, the k-prototype algorithm and the improved 

Density-Based Spatial Clustering of Applications with Noise (DBSCAN) algorithm 

are respectively used to cluster Microblog users and analyze the similarities and 

differences between the various categories of users.  

2.2.3 Sentiment Classification based on Deep Learning 

Traditional machine learning-based methods often require a lot of time and 

resources for feature engineering and functional design, which makes the whole 

process seem complicated and expensive. Not only that, these methods often fail to 

capture the natural order structure and contextual information in textual data well, 

which leads to making it difficult to learn the semantic information of words. 

However, since 2010, we have gradually witnessed a transition from traditional 

machine learning models to deep learning models in the field of text categorization. 

The rise of deep learning methods has revolutionized this field. Compared to 

traditional machine learning methods, deep learning methods no longer need to rely 

on tedious manual design rules and complex feature engineering. Instead, they are 

able to automatically extract semantically meaningful expressions from text data, 

which makes text mining more accurate and efficient. Especially in the direction of 

sentiment categorization, deep learning is gaining momentum. Deep learning models 

are not only able to adapt to different types and lengths of text, but also capture 

contextual information, semantic relationships, and complex features, leading to 

remarkable results in sentiment classification tasks. This trend signals an exceptionally 

bright future for deep learning in the field of natural language processing, which will 

bring us more accurate and efficient methods for text categorization. 

In the research and exploration of Artificial Neural Networks (ANN), the concept 

of deep learning has been introduced, aiming to simulate the neural structure of the 

human brain. With the continuous development of deep learning technology, its 

application in the field of natural language processing (NLP) is gradually favored. In 

the task of text sentiment categorization, deep learning-based methods mainly 

introduce deep learning models for determining text sentiment categories. One 

important advancement in deep learning is the introduction of Word Embeddings, a 

concept first introduced by Hinton in 1986 [75]. The word vector approach captures 
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semantic information in text [76]. In 2013, Mikolov and others [77] proposed two 

variants of the word vector model: the CBOW (Continuous Bag of Words) model and 

the Skip-Gram model, which are collectively referred to as word2vec.These word 

vector techniques are able to quickly learn high-quality word vectors from a large 

amount of unlabeled data, which provides a textual representation in a more semantic 

representation of text. In addition to word2vec, there is another word vector model 

based on full-text word frequency, i.e., the GloVe (Global Vectors for Word 

Representation) model. the GloVe model not only takes into account the co-occurrence 

information between words, but also better captures the correlation between words 

[78]. 

In the field of Natural Language Processing (NLP), the most commonly used 

neural network models are Convolutional Neural Network (CNN) and Recurrent 

Neural Network (RNN), respectively. Several studies have pointed out that CNNs are 

effective in capturing and extracting locally relevant information from text. Li J and 

others [79] constructed a sentiment classification model based on product reviews 

using CNN, which mainly focuses on labeling product feature words and applying 

word vector techniques to cluster these feature words. Experiments proved that the 

model has high accuracy in sentiment classification. Chen Ke and others [80] used 

multi-channel CNN to fuse the local features extracted from multiple channels after 

pooling layer, this model is able to obtain multi-dimensional local information in text 

sentences, and the experiment proves that it has effectiveness. Luo Fan and others[81] 

proposed a multilayer network model HRNN-CNN, which uses a two-layer recurrent 

neural network to model the text and introduces a sentence layer, and then combines 

the convolutional neural network to achieve the sentiment classification of long text; 

although the CNN performs well in capturing the local information, however, there 

are some shortcomings in dealing with the text that there are long sequential 

dependencies[82]. At this point, variants of Recurrent Neural Networks (RNN), such 

as Long Short-Term Memory Networks (LSTMs) and Gated Recurrent Units (GRUs), 

are advantageous.Ma and others [83], in an effort to integrate explicit and implicit 

knowledge, proposed an extension of the LSTM, known as the Perceptual LSTM, 

where the extended LSTM unit includes a separate output gate for insertion of 
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symbolic-level memory and conceptual-level inputs, which performed well on the two 

benchmark datasets; Fei and others [84] proposed a model based on long and short-

term memory networks that can handle arrays, vectors and high-dimensional data for 

multi-topic classification, which was experimentally found to be able to reach 96.5% 

in terms of the accuracy metrics; Han, Jiansheng and others [85] used a bidirectional 

temporal convolutional network for sentiment categorization, whereas Zhu and others 

[86] used a long and short-term memory network to to deal with comment statements 

that require long-distance dependency; Hu and others [87] found some keywords that 

contribute greatly to the semantics of the text, built a keyword vocabulary, and 

combined it with an LSTM model, and the experimental results show that this method 

outperforms the baseline LSTM in terms of accuracy; Wang and others [88] 

constructed a capsule-tree LSTM model in order to solve the problem of emphasization 

bias that exists in both the LSTM and tree LSTM. LSTM model. They introduced a 

dynamic routing algorithm as an aggregation layer, and constructed sentences by 

assigning different weights to nodes to represent their contribution to sentiment 

polarity. Li Weijiang and others [89] built a bi-directional LSTM based model to 

analyze textual information and emotional resources and assigned different channels 

to them to fully utilize the emotional information. Wang and others [90] proposed a 

fine-grained model for sentiment analysis, their approach combines CNN and Long 

Short-Term Memory (LSTM) neural network (LSTM) model, using CNN to obtain 

the local information of a sentence, and all the local information serves as inputs to the 

LSTM model.Tang and others [91] developed an algorithm to solve the problem of 

encoding the problem of intrinsic relationships between sentences in a document, a 

model combining CNN, LSTM and gated recurrent neural network was proposed, 

which showed good performance on four datasets.Alayba [92]proposed a model 

combining CNN and LSTM, which synthesized the advantages of both, solving the 

problem of missing local information as well as capturing long term dependencies in 

the text sequence. Zhang [93] proposed a model combining sentiment word vectors 

and CNN for sentence-level sentiment classification. Kai Zhou [94] combined a 

bidirectional long and short-term memory network (BiLSTM) with CNN to improve 

the performance of text sentiment analysis. Chen Xin and others [95] proposed a new 

text sentiment classification method using BiLSTM network and word fusion, mainly 
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through the pre-trained word2vec word vectors, the word vectors and the word vector 

sequences aligned with the word vectors are mixed-encoded to obtain the required 

word-word mixture vectors, and the experiments verified the effectiveness of the 

algorithm.Y. Zhang [96] proposed a sentiment classification model based on BERT-

wwm-BiLSTM-SVM.Firstly, the BERT-wwm model is used to process word vectors 

on music review data Obtain the characteristics of words and sentences, while 

avoiding ambiguity caused by word polysemy, then use BiLSTM to capture the 

context sequence information, and finally the output of BiLSTM is combined with 

SVM model for sentiment classification.ShaoPeng C[97] proposed an effectual 

Review Rating Prediction and Sentiment Classification was developed. Here, a Gated 

Recurrent Unit (GRU) was employed for the Sentiment Classification process, 

whereas a Hierarchical Attention Network (HAN) was applied for Review Rating 

Prediction. 

In summary, deep learning technology for text data sentiment classification, 

compared with the technology based on sentiment lexicon and machine learning 

methods, the workload in text feature extraction is greatly reduced, and the 

classification performance has been significantly improved. Therefore, this paper also 

adopts deep learning technology in the research of text emotion classification. 
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Chapter 3 Methodology 

 

3.1 Data Acquisition Technology 

Currently, for microblog, there are two main data collection methods that are 

widely used. One is to utilize the API server provided by microblog for developers and 

directly call the API interface of microblog to complete data collection. The other is to 

use web crawler tools to parse the content of microblog pages to obtain data. 

3.1.1 API-based Data Acquisition 

The API-based data acquisition technique can collect the required data quickly 

and easily by directly interacting with the server's API. The data obtained by this 

method is usually returned in a formatted form, which makes parsing easier. This 

approach can significantly reduce development costs.The flow diagram for calling the 

API to get the data is shown in Figure 7. 

 

Figure  7 Flow chart of data acquisition based on API 
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To use the API call method to get data, first need to understand the API call 

process in detail. When using microblog API, the first step is to obtain user 

authentication, which is also known as user authorization. Currently, the main 

authentication method used by the microblogging open platform is OAuth 2.0, which 

is a commonly used authentication protocol.The operation mechanism of OAuth 2.0 is 

shown in Figure 8. 

 

Figure  8 The operation mechanism of OAuth 2 

 

Client is a third-party application developed by the user, which needs to be 

created and completed by the user; Resource Owner, which refers to the microblogging 

user, is the resource owner who owns the data; Authorization Server, which is the 

server that provides access to the API and is responsible for handling the user's 

authorization request; Resource Server, which is the server that stores the data and is 

also the target server that we access through API calls for data collection; Resource 

Server, which is the server that stores data and is also the target server that we access 

through API calls for data collection. Resource Server, this is the server that stores the 

data and is also the target server that we access through API calls for data collection. 

It is clear from the flowchart that to achieve the goal, i.e. to access the protected 

resources in the Resource Server, the first step is to upload the Access Token to the 

Resource Server.The Access Token is returned to the user by the Sina Authorization 
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Server after the user has completed the authorization, and it is a necessary condition 

for the user's application to carry out the operation. 

In order to obtain the user's permission to operate, the user's application first 

needs to send an authorization request to the user himself/herself. In response, the user 

will return an Authorization Grant, which the user's application needs to submit to the 

authorization server in order to obtain an Access Token and complete the authorization 

process. When interacting with the API, the Access Token plays a role similar to that 

of a flag, conveying to the resource server that the user's application has bee n 

authorized by the user and needs to access the data in the resource server. Once the 

user application submits the user's pass to the resource server, the resource server 

verifies the validity of the user's authorization. At this point, the entire process  of 

accessing microblogging data from the API server is successfully completed. 

The method of utilizing the API for access and obtaining data directly from the 

resource server is usually simpler in terms of engineering implementation. In addition, 

the data returned by API calls is often presented in a structured JSON format, so there 

is no need for additional fine-grained matching of the data, which greatly reduces the 

data processing time. 

However, there are multiple limitations in obtaining data from microblogging 

resource servers via API calls. For example, there is a limit on the number of times a 

user with low privileges can access the resource server per day. In addition, the amount 

of data that can be obtained by a single API call is also limited, and users with low 

privileges can only obtain partial data and cannot obtain complete data coverage. 

Therefore, for users with lower privileges, it is difficult to obtain a large amount of 

data when calling microblogs using the API server. 

3.1.2 Web Crawler Based Data Acquisition 

A web crawler is an automated program or script that continuously extracts 

information from Internet sites according to a specific strategy. In other words, it 

utilizes programming to collect the required data on a Web page to achieve the goal of 

automated data crawling. In essence, a web crawler simulates the behavior of a 
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browser opening a web page in order to extract the required data from the web page. 

The basic workflow of a crawler is shown in Figure 9. 

   Figure  9  The basic workflow of a crawler 

 

First, by using the HTTP library, we send a request to the target site, that is, we 

make a request. This request can contain additional header information, and once the 

request has been successfully sent, we wait for a response from the server. If the server 

returns an HTTP status code of 200, the request was successful and the server was 

able to respond properly. At this point, we get a response that contains the content of 

the page we need to retrieve. This response can be of various types, such as HTML, 

JSON strings, or binary data. Once the response is successfully fetched, we can choose 

to use regular expressions or page parsing libraries to disassemble the content and 

analyze it to extract the required data. Once the required data is obtained, we can 

choose to store it or process it further. The data can be stored in a variety of ways, 

either in a database, as a text file, or even as a file in a specific format. The form of 

storing data is very flexible, and you can choose the most suitable storage method 

according to the actual needs. 

 3.1.2.1 Data Crawling 

Both requests and urllib are standard libraries for making HTTP requests in the 

Python programming language. They provide an easy way to send HTTP requests, 

fetch data from the network, and interact with a server. urllib is a module built into the 

Python standard library, divided into sub-modules such as urllib.request, urllib.parse, 

and urllib.error. urllib is available in Python 2.x and urllib has some different uses in 

Python 2.x and Python 3.x. requests is a third-party library that is more user-friendly 

and feature-rich than urllib. It encapsulates the details of HTTP requests in a more 

concise way, making it easier to send requests and process responses. the requests 

library supports a variety of HTTP methods (GET, POST, PUT, DELETE) and can 

handle cookies, headers, session hold, and more. In addition, it can also easily handle 
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JSON data and file uploads and other operations. In this paper, the requests library is 

used for data crawling. 

 3.1.2.2 Data Parsing 

We can parse and extract valuable data from a web page or a new list of URLs 

with the help of a web parser (a tool used to parse web pages). Python supports a 

number of techniques for parsing web pages, namely Regular Expressions, XPath, 

Beautiful Soup, and JSONPath. for parsing text, there is Regular Expressions; for 

parsing HTML/XML, there is XPath, Beautiful Soup, and Regular Expressions; for 

parsing JSON, there is XPath and Beautiful Soup determine the path to a given node 

based on the hierarchical structure of the HTML/XML document, so they are better 

suited to handling data with a more obvious hierarchy. Regular expressions are based 

on the characteristics of the text to match or find the specified data, it can deal with 

any format of the string document, similar to the effect of fuzzy matching.JSONPath 

is specialized in data parsing of JSON documents. Python provides different modules 

or libraries to support different web parsing techniques，as shown in figure 10. 

 

Figure  10 Different data parsing methods 

 

The lxml library is a Python web page parsing library that supports HTML and 

XML parsing, and supports XPath parsing, which is very efficient. lxml library is not 

a built-in standard library in Python, so you need to install it before you use it, and the 

installation method is similar to that of the requests library. lxml library is not a built-

in standard library in Python, so you need to install it before you use it, and the 

installation method is similar to that of the requests library. lxml library is also called 

Beautiful Soup4 library. XPath is an XML path language used to determine the 

location of a part of an XML tree structure.XPath technology is based on the XML 

tree structure, and is able to traverse nodes (elements, attributes, etc.) in the tree 
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structure. beautifulsoup4 library, also known as the Beautiful Soup library or bs4 

library, is used for parsing HTML or XML documents. beautifulsoup4 library is not a 

built-in standard library in Python, and needs to be installed before using it. It needs to 

be installed before you can use it, in a similar way to the requests library. Regular 

expressions are powerful tools for working with strings. They use predefined patterns 

to match a class of strings with common characteristics, and are mainly used to 

quickly and accurately find and replace complex strings. In Python, the main use of re 

module to realize the operation of regular expressions.Javascript Object Notation, 

JSON is a lightweight text data exchange format. It represents data through a 

combination of objects and arrays, which is simple but highly structured. python 

provides the json library to read and write JSON files. json library is a built-in standard 

library in python, which can be used without additional installation. 

 3.1.2.3 Data Storage 

Crawled data can be stored not only to the file, but also to the database. mySQL 

is a relational database, it will save the data in different two-dimensional table, each 

column in the table is a field, each line is a record; MongoDB is a non-relational 

document database, its data storage form similar to the JSON object, which can 

contain other documents, arrays of fields and arrays of documents, the form is very 

flexible. Python 3.x version provides pymysql library to connect to MySQL 

databases.PyMongo is used for MongoDB development tools, is the recommended 

way to operate the MongoDB database in Python. In this paper, the MongoDB 

database is selected. 

 

Figure  11 Basic flow of using the PyMongo library 
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3.2 Data Processing Technology 

Before starting data mining, it is usually necessary to process the acquired data 

appropriately, a process known as data preprocessing, and it plays an important role in 

the whole data mining process. This is because most of the data collection methods 

may have some loose controls during the data collection process, which can lead to 

outliers in the data (e.g., negative income), irrational combinations of data in the real 

world (e.g., the animal species is "cat" and the fur color is "rainbow colors"), and 

missing data. "), and missing data. Failure to carefully screen for these issues prior to 

data analysis can lead to misleading results. Therefore, not only is it necessary to have 

a large amount of data, but it is also necessary to ensure the quality of the data before 

analyzing it. This means that the data first needs to be processed to eliminate erroneous 

values and anomalies and to ensure the accuracy of the data. Through data 

preprocessing, data can be cleaned and normalized to make it more compatible with 

the needs of the analysis. This step is a critical part of ensuring the accuracy and 

reliability of data analysis. Therefore, it is essential to introduce the data preprocessing 

step before further analyzing the data. 

3.2.1 Data Cleaning 

The raw data we collect often contains a lot of irrelevant and noisy information, 

which is also called "dirty data". In microblogging data, these dirty data may include 

various characters such as "@", "V", etc., as well as a variety of emoticons such as "(; 

´Д｀)", "ε-(´∀｀; )", "^_^", etc., and even some common emoticons and meaningless 

URL links. These dirty data not only can't accurately reflect the user's real intention, 

but also interfere with text processing such as performing sentiment analysis, thus 

reducing the accuracy and processing efficiency of the sentiment classification model. 

In order to solve this problem, we need to clean and delete these dirty data. In Python, 

there are some tool libraries such as Pandas, Numpy, etc. that can help us with data 

processing and cleaning. In addition, regular expressions can be utilized to achieve the 

goal of data cleaning so that this extraneous information can be eliminated and the 

data can be made cleaner and more useful. Such processing can improve the quality 

and accuracy of subsequent analysis and ensure that we are focusing on what is truly 

meaningful. 
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3.2.2 Text Segmentation 

In text mining, text disambiguation is a fundamental step. In some languages, 

textual disambiguation is necessary because it transforms a continuous stream of text 

into separate words or tokens. For example, English words have clear grammatical 

boundaries, so word segmentation is usually not necessary, but word form reduction 

may be needed because there are many forms of word changes in English. Chinese, on 

the other hand, must be subjected to lexical processing for text analysis because it has 

no clear intervals between words, and the text needs to be broken down into 

meaningful words. Three major problems that often occur: 

(1) Recognition of new words: new words refer to the newly appeared words that 

are not recorded in the existing thesaurus. For example, in the sentence "李想的性格

十分活泼", the name "李想" is a neologism, which cannot be accurately recorded in 

the thesaurus, and therefore may be incorrectly segmented as "李/想/的/性格/十分/

活泼". 

(2) Inconsistent word boundaries: some words have ambiguous word division, 

for example, "人民代表大会代表" can be divided into a separate word or "人民/代表

/大会/代表". In this case, the words are cut in an inconsistent way, resulting in 

ambiguity. 

(3) Ambiguity of cut words: Sometimes the position of cut words can lead to 

ambiguity, for example, "西安人多" can be divided into "西安/人多" or "西安人/多

". Although these ways of word cutting are grammatically and logically correct, they 

are not always accurate. In this case, it is necessary to choose the most suitable mode 

of word segmentation by taking the context into consideration. 

In conclusion, Chinese word segmentation is a challenging task that needs to take 

into account issues such as neologism recognition, word boundary inconsistency, and 

tangential ambiguity. In order to obtain more accurate results, we need to consider the 

context and select the appropriate lexical model according to the actual needs. 
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Currently, there are many excellent Chinese participle tools, including jieba 

participle, LTP participle of Harvard University, and Stanford CoreNLP of Stanford 

University, and in this paper, we choose to use jieba participle to realize the Chinese 

participle task. jieba participle is not only easy to call in the Python library, but also 

supports importing customized dictionary and removing deactivation, which makes it 

very powerful. jieba not only easy to call in the Python library, but also supports 

importing customized dictionaries and removing deactivated words, making it very 

powerful. 

jieba provides four modes:Precise mode: cut the sentence precisely, mainly used 

for text analysis, suitable for detailed cutting of text.Full mode: recognizes all possible 

words in a sentence, faster, but may cause ambiguity.Search Engine Mode: based on 

the exact mode, secondary slicing of longer words to improve recall, suitable for 

applications such as search engines.Paddle mode: based on the domestic PaddlePaddle 

deep learning framework, it can further improve the effect by training the sequence 

annotation network model to realize the word segmentation. 

In this paper, we choose to use the jieba participle tool, which is not only 

powerful in terms of functionality, but also easy to integrate into the Python 

environment, providing an effective solution for the task of participle in Chinese text. 

3.2.3 Remove Stop Words 

Deactivated words refer to words that have no actual meaning in the text, such as 

conjunctions, prepositions, auxiliaries, pronouns, numerals, and other words, such as 

"she", "he", "it", "the", "ah", "ah", "and", "and", as well as the numbers 0-9, the special 

symbols "¥", "#", "%", etc. Although these words appear frequently in the text, they 

are not always used in the text. Although these words appear frequently in the text, 

they do not help substantially in tasks such as text sentiment analysis, but may increase 

the burden of subsequent processing and have a greater impact on the processing time 

of the sentiment classification model. In order to improve the system performance, we 

need to eliminate these deactivated words from the text. 

Nowadays, there are many well-organized and open deactivation word lists 

available for us to use directly, such as HIT and Baidu deactivation word lists are 
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common choices. Of course, we can also build a deactivation word list suitable for our 

own domain according to our own needs. In the jieba participle system, provides the 

relevant API interface, we only need to prepare their own deactivation file path into 

the corresponding code, you can automatically eliminate these deactivated words in 

the participle process. Doing so helps to reduce the complexity of processing and 

improve the efficiency and accuracy of the sentiment classification model. 

3.3 Text emotion classification 

3.3.1The types of different emotions 

On various social platforms, there are many emotional texts involved. We will 

analyze the authenticity of the product based on its comments and consider whether it 

meets our own needs; We will write blogs, brief books, and even establish our own 

websites to share what we have learned and felt; We will express our opinions and 

opinions on social focal issues through our social circle and Microblog. It contains 

countless emotional messages. In this emerging era, people's ways of expressing 

emotions have undergone tremendous changes not only in channels, but also in 

language habits and structures. 

Emotional classification, proposed by Bo Pang et al., is an important task in the 

field of natural language processing. The research on sentiment analysis was first 

established on the basis of document level analysis. Pang and Snyder extended the 

bipolar classification of emotions to multi-level classification. Due to the continuous 

research, exploration, and innovation of many experts and scholars in this field, 

emotion classification related algorithms have become a hot research topic both 

domestically and internationally. Emotion classification algorithms mainly include   

sentiment   classification   algorithms   based   on   dictionaries   and   rules,   sentiment 

classification algorithms based on machine learning, and sentiment classification 

algorithms based on neural networks. 

Emotional  classification  or  opinion  mining  is  a  fundamental  task  in  natural  

language processing (NLP), used to determine the polarity of text emotions. Binary 

classification, such as positive  and  negative  emotions,  can  include  fine-grained  

classification  of  emotions  more generally. Natural language, like numbers,  spreads  

and records  information. The process of information dissemination and reception 
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corresponds exactly to the encoding and decoding of information, and text encoding 

and decoding are important links in natural language processing. On various emerging 

social platforms, people express their opinions in a variety of sentences, many of 

which cannot be strictly analyzed according to grammar and syntax rules, and 

sometimes even contradictory analysis may occur; The same word may have vastly 

different meanings in different contexts. In different eras, people have different 

language expressions and preferences, and analyzing the meaning expressed by words 

based on contextual context is more flexible and feasible. 

The most basic analysis unit for text sentiment classification is sentence, while 

the smallest unit of a sentence is word [98]. Because there are language processing 

regions in the brain, it is easy for humans to make judgments about emotions. However, 

for computers to make judgments on the emotions of text, algorithms and rules must 

be designed for text sentiment classification, and various constraints must be proposed 

[99]. Text is different from images in that behind images are pixel values, while text is 

a product of human history and modern culture [100]. Therefore, it is necessary to 

symbolize sentences first. 

For a sentence M with a length of L, to determine whether the sentence belongs 

to emotion category a, it is necessary to calculate the probability that sentence M belongs 

to emotion category a. Abstract the classification of text emotions into the following 

formula: 

  ( )  .P a M                                                                      (3.1) 

 Among them, there are two important tasks: representing sentence M and, 

calculating the probability p. The representation method of sentences directly affects 

the solution ofclassification probability, which relies on neural network design.                                                                                                                                                                                          

3.3.2 Discrete representation of words 

To represent a sentence, the first step is to preprocess the  sentence, 

including removing punctuation marks, segmenting the sentence into words, 

segmenting words based on spaces in English, and segmenting words in Chinese. 

After preprocessing, sentences are represented as a list of words. The initial 

representation method for words was single hot encoding, which required creating a 

word set for all words in the sentence, constructing a dictionary T for key value pairs, 

and recording |T| as the number of words in the dictionary. 
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After unique encoding, each word is represented as a |T| dimension vector, 

which is only 1 at the corresponding position in the word index, and all other positions 

are zero. Record the unique heat code as f, and the dimensional change process of 

sentence M is as follows: 

f | |.L LR R  ⎯⎯→                                                                                                  (3.2)                                                                                                                

In actual text classification, due to the large size of the corpus and dictionary, 

it can be seen from Eq. (2) that the unique hot coding will make the sentence 

represented as a high-dimensional sparse matrix. Moreover, unique encoding cannot 

distinguish the importance of different words in a sentence, which makes it 

impossible to distinguish between high-frequency words and low- frequency words. 

Using sentences as the basic unit code, a dictionary is established for sentences. 

The sentences are represented as |T| dimensional vectors, and the frequency of 

corresponding words appearing in the dictionary is recorded at each position. The 

dimensional change process of sentence M is as follows:  

f | |.LR R ⎯⎯→                   (3.3) 

3.3.3 Distributed table of words 

The sentence representations constructed by DHC, BOW, and TF-IDF are 

sparse and high- dimensional. In the field of natural language processing, traditional 

machine learning algorithms are based  on  these representation  methods. After the 

proposal  of word2vec,  sentence  level sentiment classification algorithms have 

shifted from encoding with sentences as the basic unit to encoding  with  word  

embeddings  as  the  basic  unit.  Word2vec  is  based  on  the  distribution hypothesis: 

words with similar contexts have similar semantics. 

The byproduct of the word2vec task is | | |

| |

T H

T HW R 

  ,which is the word vector 

of the dictionary, and according to the index of the dictionary, the word embeddings 

corresponding to the words can be found. For the unique hot code θi , its word 

embedding is: 

| | |..T T H

i iW W =                   (3.4) 

The   entire   process   embeds   words    from   high-dimensional    sparse   

representation   to low-dimensional dense representation. In a single hot coding space, 

two vectors are linearly independent and orthogonal; In word2vec embedding space, 
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there is a concept of distance between two vectors. This process maps words from 

high-dimensional, discrete, and sparse representations to low-dimensional, continuous, 

and dense representations. 

  

Figure  12 Word2Vec Network Architecture 
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Chapter 4 Improved Microblog Data Acquisition and Processing 

Methods 

 

Web crawlers may encounter various anti-crawling difficulties when crawling 

microblog data, because websites take a series of measures to restrict crawler activities 

in order to protect data security and prevent malicious crawling. 

(1) Login restriction: microblog restricts the access of non-logged-in users, and 

you need to use a logged-in account to access and get the data. 

(2) CAPTCHA: microblog will require users to enter a CAPTCHA code when 

the number of accesses is high or abnormal. This can be handled automatically by 

using CAPTCHA recognition technology, but may increase the complexity of 

crawling. 

(3) Dynamic rendering: microblog uses JavaScript to load content dynamically, 

making it difficult to crawl for direct access to complete data. 

(4) IP blocking: microblog may monitor frequently requested IP addresses and 

block those considered to be crawlers. 

(5) Request frequency limitation: microblog may limit the frequency of 

requests sent by the same IP within a short period of time. 

In this paper, we propose an improved method for collecting and processing 

microblogging data with respect to login restriction, captcha, dynamic rendering, IP 

blocking, and request frequency limitation. The experimental environment is shown in 

Table 1. 

Table  1 Experimental Environment 

Experimental 

Language 

Development 

Tool 

Operating 

System 

Data 

Storage 
Dependency Package 

python Pycharm Windows MongDB 

os 

time 

undetected_chromedriver 

selenium 

seleniumwire 

pymogo 

wordcloud 

Jieba 

bs4 

javascript:;
javascript:;
javascript:;
javascript:;
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4.1 Microblog Simulation Login 

Microblog has designed an anti-crawling mechanism so that users can only 

browse microblog information after logging in. The microblog server will send a 

cookie to the logged-in user, and when he continues to visit other microblog pages, the 

cookie will be added to the request header by the browser and sent to the server, which 

can then recognize the user's identity through the cookie. Therefore, obtaining valid 

cookies is the key to break through the anti-crawler strategy of microblog . Due to the 

short validity time of microblog cookies (usually a few days), directly copying the 

browser request header is inefficient and affects the user experience. 

To address this problem, this paper designs a QR code simulation login 

mechanism. Selenium is a widely used open source browser automation testing 

framework, which can control the mainstream browsers, including Chrome, Firefox, 

etc., just by installing the corresponding browser driver. A distinctive feature of this 

framework is that it can simulate real user operations, so it is difficult to be recognized 

by the server as a crawler. In addition , Selenium supports a variety of interaction 

modes , such as simulating mouse clicks , filling web page input boxes and so on. It 

also provides various element positioning methods, such as XPath, CSS selector, 

Selector, etc., so it can realize the operation of clicking the QR code login button. The 

core idea of the whole program is to constantly detect the change of the current link to 

determine whether the user has successfully logged in. If the login is successful, the 

program will get the current Cookies and ask the user if he wants to store them locally 

for the next call. The specific flow is shown in Figure 13. 
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Figure  13 Simulated logon flowchart 

 

The code is as follows: 

def py_Microblog(self): 

  self.driver.maximize_window()  

self.wait.until(expected_conditions.visibility_of_element_located((By.C

LASS_NAME, "LoginCard_btn_Jp_u1")))           

   self.driver.find_element(By.CLASS_NAME, 

"LoginCard_btn_Jp_u1").click() 

     while True: 

         try: 

locate = (By.CLASS_NAME, "Ctrls_avatarItem_3LrJN") 
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self.wait.until(expected_conditions.visibility_of_element_l

ocated(locate)) 

break 

            except: 

                print("Please use your cell phone to scan the code to log in") 

4.2 Microblog Data Crawling 

Microblog has imposed access frequency limits on each IP address. To 

circumvent this restriction, we can create an object of the ChromeOptions class from 

the Selenium library. Within this object, we can utilize the add_argument() method to 

input properly formatted and valid proxy IP addresses. Once this configuration is 

applied to the corresponding browser driver settings, we can access web pages using 

the proxy IP addresses. By employing multiple distinct proxy IP addresses, we can 

effectively evade anti-scraping measures, thereby enhancing program stability and 

extraction efficiency. The proxy functionality is disabled by default, but it can be 

enabled by initializing it through the constructor. By modifying the agent_ip parameter 

to True and supplying the proxy IP address, the proxy functionality can be utilized 

seamlessly. 

The code is as follows: 

def __init__(self, agent_ip=False, proxy=""): 

    if agent_ip: 

        if proxy != "" and ":" in proxy: 

            chrome_options = webdriver.ChromeOptions() 

            chrome_options.add_argument('--proxy-server=' + proxy) 

            self.driver = uc.Chrome(options=chrome_options) 

        else: 

            print("Please fill in the correct proxy ip format：ip:port") 

            os.system(exit(0)) 
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    else: 

        self.driver = uc.Chrome() 

Using the proxy IP to access the microblog home page, and logged in successfully, 

into the logged in user home page, through the cycle selenium corresponding to the 

browser driver to provide the execute_script () method, run the JavaScript code, 

simulate the page to scroll down, and constantly get the new html source code, and 

then through the page_source attribute to get the source code of the page, and at the 

same time, run the data parsing method that has already been written, wb_data_obtain 

(), to carry on the data parsing, and ultimately complete the crawling of the data. 

The code is as follows: 

def get_wb_data(self, rate=5): 

username=(By.CSS_SELECTOR,".ALink_default_2ibt1.head_cut_2Zcft.head_n

ame_24eEB>span") 

self.wait.until(expected_conditions.visibility_of_element_located(username)) 

for i in range(rate): 

self.wb_data_obtain(self.driver.page_source) 

   self.driver.execute_script(f"window.scrollTo(0,{i*3000})") 

   time.sleep(0.5) 

self.driver.close() 

return self.data_list 

4.3 Microblog Data Parsing 

Define the content of this crawler: username-username, content-content, time-

publishing time, forward-forwards; comment-comments; like-likes. After analyzing 

the microblog pages, it is found that the information related to the users who published 

the microblogs are all under the same tag of the class name, and the information 

related to the content of the microblogs are also under the same tag.The webpage 

source code for the username is shown in Figure 14. 
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Figure  14 The webpage source code for the username 

 

Further analysis of the label, found that it is divided into two categories, one is 

the required user name, release time, these are in a class named "woo-box-flex" under 

the header tag, the content of a class named "detail_wbtext_4CRf9" under the div 

label, other retweets, comments and likes are in a footer tag, and the value of an 

attribute aria-label in the label just corresponds to the value of the "woo-box". 4CRf9" 

div label, the other retweets, comments and likes in a footer label, and the value of an 

attribute aria-label in the label just corresponds to the value of "forwards", "comments" 

and "likes". ", "comments" and "likes", so you only need to get the value of the aria-

label attribute in the corresponding footed label, you can see that the three values are 

separated by ",", so use .split (",") method to split the values into a list, and then 

extract the corresponding values by looping through the list and depositing them into 

their respective lists. The BeautifulSoup library is used here to parse the content and 

extract it.The webpage source code for the repost is shown in Figure 15. 
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Figure  15 The webpage source code for the repost 

 

The code is as follows: 

bs = BeautifulSoup(self.driver.page_source, 'lxml') 

username = bs.select(".ALink_default_2ibt1.head_cut_2Zcft.head_name_24eEB

>span") 

content = bs.select(".detail_wbtext_4CRf9") 

time = bs.select(".head-info_time_6sFQg") 

footer = bs.select("footer") 

forward = [] 

comment = [] 

like = [] 

for i in footer: 

    string = i["aria-label"] 
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    list = string.split(",") 

    forward.append(list[0]) 

    comment.append(list[1]) 

like.append(list[2]) 

In order to facilitate the storage of data as well as the beauty and accuracy of the 

extracted data need to be integrated, the use of .strip () method to process the data, 

remove spaces, returns and other useless characters, filter out duplicate data, and 

finally the processed data to the json format to store the data_list,  to complete the 

integration of data. Then the data in the "content" is saved separately in the 

"content.txt" local file to facilitate subsequent operations. 

The code is as follows: 

for i in range(min(min(len(username), len(content)), len(time))): 

    a = True 

    content_a = content[i].text.strip().replace('\n', '') 

    if len(self.data_list) != 0: 

        for j in self.data_list: 

            if username[i].text == j["username"] and content_a == j["content"]: 

                a = False 

                break 

    if a: 

        if username[i].text != "" and content[i].text != "" and time[i].text != "": 

            self.data_list.append( 

                { 

                    "username": username[i].text, 
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                    "content": content_a, 

                    "time": time[i].text, 

                    "forward": forward[i], 

                    "comment": comment[i], 

                    "like": like[i] 

                } 

            ) 

            with open("content.txt", "a+", encoding="utf-8") as f: 

                f.write(content_a) 

4.4 Microblog Data Storage 

In this paper, the crawled data is stored in the database, and the crawled related 

microblogging data and other contents are stored in MongoDB located in the cloud, so 

as to facilitate the later data analysis and data mining. Specific operations are as 

follows: create a MongoClient class object client, establish a connection with the 

MongoDB server; access the database through client.pydata; use db.pyinfo to create a 

collection; call the insert_many method in the collection to insert the crawled data 

data_list into the collection.The crawled data is shown in Figure 16.   

The code is as follows: 

client = pymongo.MongoClient(host='localhost', port=27017) 

db = client.pydata 

collection = db.pyinfo 

collection.insert_many(data_list) 

client.close() 
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Figure  16 The crawled data 

 

4.5 Microblog Data Processing 

During the data crawling process, a lot of irrelevant and noisy information is 

collected, such as emoticons and meaningless URL links, which are called "dirty 

data". These dirty data can interfere with subsequent text processing tasks, such as 

sentiment analysis, and reduce the accuracy and efficiency of the model. In order to 

deal with this problem, we need to perform data cleaning and preprocessing, which 

mainly includes the steps of word segmentation, deletion of deactivated words and 

word frequency statistics. Among the many lexical libraries, jieba lexical library is the 

most effective and powerful. It provides three modes of participles: precise mode 

(removing redundancy), full mode (returning all possible participles), and search 

engine mode (second cutting of long words on the basis of precise mode), which can 

satisfy a variety of participles' needs. Since microblogging adopts network language, 

there are many meaningless stop words, the program in this paper will read the pre-

compiled stop word dictionary: ChineseStopWord.txt to clean the word list returned 

by jieba, and keep only the key words. The program will read the preorganized stop 

word dictionary: ChineseStopWord.txt to clean the word list returned by jieba and 

keep only the key words.The flowchart of the preprocessing module is shown in 

Figure 16.The data after the segmentation process is shown in Figure 17. 
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Figure  17 The flowchart of the preprocessing module 

 

The code is as follows: 

with open("content.txt", "r", encoding="utf-8") as f: 

text = f.read() 

jieba_list = jieba.lcut(text) 
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Figure  18 The data after the segmentation process 

 

4.6 Microblog Data Visualization 

The visualization of text data with the help of word clouds is especially 

suitable for displaying keywords in microblog posts. Word clouds can present 

keywords in a visual way so that users can quickly gain insight into the social hotspots 

and related information involved in that keyword. This is achieved by using the 

WordCloud library in Python, which is capable of automatically counting word 

frequencies, and it only requires the developer to pass the processed keyword data in 

string format to the WordCloud function to generate a word cloud map. At the same 

time, this library also gives the user the ability to customize the shape of the word 

cloud map, text hue, text size and other parameters, so as to meet different visualization 

needs. In this paper, we generate a word cloud map by further processing the processed 

keywords through the WordCloud function. This map will show the importance and 

frequency of keywords visually, providing users with a clear overview, which helps to 

better understand and convey the social hotspots in microblogs.The data visualization 

is shown in Figure 19. 
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Figure  19 The data visualization 

 

The code is as follows: 

with open("content.txt", "r", encoding="utf-8") as f: 

    text = f.read() 

jieba_list = jieba.lcut(text) 

ww = wordcloud.WordCloud( 

    background_color='white', 

    width=1280, 

    height=720, 

    max_words=6000, 

    min_font_size=10, 

    font_path="YeZ.ttf" 

) 

ww.generate(" ".join(jieba_list)) 
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ww.to_file('wb.png') 

In this paper, we propose an improved method for microblogging data capture 

and processing, which solves the problems of login limitation and dynamic rendering 

by Selenium simulated login, and can acquire complete data. In order to improve the 

crawling efficiency, this paper uses Python's thread library to realize multi-threaded 

data crawling, and after determining the URL, the task is evenly distributed to each 

thread according to the number of threads set by the user. Microblog has set a limit on 

the access frequency of each IP, and it is easy to trigger the anti-climbing of microblog 

if the access speed of multi-thread is too fast. Therefore, every time when crawling, 

the program will automatically set up a list of proxy IPs to be crawled on the free 

proxy network, and each thread will use different proxy IPs, so as to effectively bypass 

the anti-climbing. The method proposed in this paper can not only break through the 

microblogging anti-climbing, but also improve the stability of the program and the 

efficiency of crawling. 
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Chapter 5 A CNN-BiLSTM algorithm for Microblog emotion 

classification with attention mechanism 

 

5.1 The overview of CNN-BiLSTM algorithm 

5.1.1 CNN Network 

As a special type of feedforward neural network, CNN has been widely used 

in the field of natural language processing by scholars in recent years [101]. Its basic 

structure is divided into three parts: input layer, convolutional layer and pooling layer, 

and fully connected layer. Convolutional layer feature extraction first represents the 

text in the form of a word vector matrix, and then scans through convolutional check 

matrices of different sizes [102]. During the scanning process, the parameter values 

of the filter composed of convolutional kernels are fixed and unchanged. After 

filtering, a new feature map is mapped, and all elements on the feature map come 

from the filter with consistent parameters. The CNN network architecture is shown in 

Figure 20. 

 

Figure  20 CNN network architecture 

 

5.1.2 BiLSTM neural network 

LSTM is a special type of recurrent neural network (RNN) composed of cell 

units and three gates. Cell units are the core computing power that records the 

current computing state, while forgetting gates, input gates, and output gates 

regulate the information flow in and out of the storage unit [103]. forgetting gates 
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clear useless information from the storage unit, input gates select input information 

from the current storage unit, and output gates determine  the final output of the 

information. When conducting sentiment analysis on Microblog texts, it is often 

necessary to consider the impact of contextual semantic features on the overall 

emotional state of the text. However, the general LSTM model only focuses on 

unidirectional semantic relationships in the text, which ignores the impact of semantic 

features on the overall state. The Bi LSTM model is composed of  LSTM  networks  

in  both  positive  and  negative  directions,  which  fully  capture  contextual 

information based on two different orders and can mine more comprehensive text 

semantics. The BiLSTM network architecture is shown in Figure 21. 

 

Figure  21 Bi LSTM network architecture 

 

5.1.3 The joint mechanism of CNN-BiLSTM algorithm 

This article constructs a Microblog sentiment classification model based on 

convolutional neural network CNN and bidirectional short-term memory network Bi 



 

 

 
 

 

54 

LSTM. On the basis of Bi LSTM and  CNN,  an  attention  mechanism  was  introduced,  

and  a  multi-channel  model  combining convolutional  networks  and  bidirectional  

long  and  short  term  networks  was  proposed  for sentiment polarity analysis of 

Microblog texts [104]. CNN-BiLSTM Joint Mechanism is shown in Figure 22. 

 

Figure  22 CNN BiLSTM joint mechanism 

 

5.2 Attention mechanism 

Emotional classification, as an important task in the field of NLP, aims to 

determine the emotional polarity of text, including positive and negative emotions 

[105]. After reading a large number of references, this article found that improving 

the accuracy of emotion classification algorithms and determining whether the 

classification algorithm has good performance can be achieved from three aspects: 

whether the algorithm has the ability to combine context, and how much context can 

be learned; Does the algorithm have attention and can it focus on learning; Does the 

algorithm have memory and store sequential information. 

The attention mechanism originates from human research on vision [106]. Due 

to the bottleneck in information processing, humans selectively focus on some 

information while ignoring others, a mechanism known  as  attention  mechanism.  

When  used  for  sentence  level  text  sentiment classification, the attention mechanism 

is usually placed at the decoding end, which weights and sums the input sequence 

over the entire time range. 

The existing sentiment classification algorithms based on neural networks 

mainly include sentiment classification algorithms based on recurrent neural 
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networks, sentiment classification algorithms based on convolutional neural networks, 

and sentiment classification algorithms based on attention mechanisms. The self-

attention mechanism belongs to a special attention mechanism, which can serve as 

both an encoder and a decoder. When the sentence length is long, even LSTM may 

experience the phenomenon of gradient vanishing and information dissemination 

being hindered. In this case, using self-attention mechanism as the encoder can 

achieve cross distance learning,  and the  classification  effect  is  better than  RNN.  

The  attention  mechanism  can be expressed as the following formula: 

1

( , ) ( ,   )
L

I

iA S Q Ki VQ S
=

=                                                                     (5.1) 

where, S refers to the input information, including sentence M and label y, Q 

as the query vector, K and V appear in pairs, S(Q, K) refers to the attention weight 

value of V. A(Q, S) is the attention force vector weighted and summed by the attention 

mechanism. This formula represents the way the attention mechanism decodes 

sentence M. The attention mechanism architecture is shown in Figure 23. 

 

Figure  23 The attention mechanism architecture 
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5.3 Data sources and processing 

5.3.1 Construction of Microblog dataset 

The data crawled includes usernames, Microblog content, etc. Delete the 

usernames and retain only the Microblog content.Based on this dataset, a new 

Microblog sentiment polarity dataset was constructed. Partial Microblog text data 

was selected from the dataset and sentiment polarity was annotated manually. To 

ensure the quality of data annotation, cross and repeated labeling was used, and text 

with inconsistent labeling in two rounds was deleted. A total of 116922pieces of 

data were organized. In order to avoid unsatisfactory experimental results due to 

imbalanced sample sizes, a total of 58461text data with positive sentiment expressions 

and 58461data with negative sentiment expressions were collected. The labeled 

corpus dataset achieved a uniform distribution of positive and negative sentiment 

polarity in the samples. 

5.3.2 Dataset preprocessing 

Data preprocessing is an indispensable preliminary work for text sentiment 

polarity analysis, which  mainly  includes  data  filtering,  text  segmentation,  and  

removing  stop  words.  In  the constructed labeled corpus dataset, there are many non-

textual data, labels, and special characters. Considering  optimization  efficiency,  

storage  space  is  saved,  and  word  vector representation accuracy is improved. 

Therefore, it is necessary to remove these useless information and filter it mainly 

through regular expression matching. 

5.3.3 Training process 

In the model proposed in this article, the Input input layer is the first layer, 

which reads the cleaned dataset. The Microblog text data processed by word 

segmentation is passed into the second layer Embedding layer. During the 

vectorization process, the Word2Vec model is used, and the Embedding layer embeds 

the corresponding vector based on the incoming words, which is then transmitted into 

the multi-channel model. The third layer of the model is a multi-channel feature 

extraction  layer,  which  enters  the  BiLSTM  model  channel  and  can  simultaneously  

capture semantic information in both positive and negative directions. Multiple CNN 

models are designed to extract local features of sentences at different  scales, and 
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using convolutional kernels of  different  sizes  can  better  extract  features  from  

different  dimensions  to   achieve   semantic information extraction. 

The word vector dimension trained using the Word2Vec model is 350, and the 

filters for the three convolutional channels are 1×350, 2×350, and 3×350, respectively. 

The pooling layer adopts Max Pooling operation to eliminate weak features. The 

BiLSTM model adopts L2  regularization processing to control the model complexity 

and avoid overfitting as much as possible. Introducing attention mechanism in the 

fourth layer to extract more important feature information from each channel; The 

splicing layer summarizes the features output by all channels to obtain richer feature 

information; The summarized features are passed into the fully connected layer, and 

a random deactivation mechanism is added to reduce redundancy and improve the 

model’s generalization ability. Finally, the sentiment polarity category of the text is 

determined based on the Softmax classifier in the output layer. 

 

5.4 Experimental results and analysis 

5.4.1 The benchmark model 

To evaluate the effectiveness of the algorithm proposed in this article, some 

benchmark models will be selected for comparison in the same experimental 

environment. The benchmark model selected in this article is as follows. 

1) Logistic Regression Model (LR): It mainly solves binary classification 

problems and is a classic machine learning classification model. 

2) Support Vector Machine  (SVM): Use TF-IDF to represent text words, 

and use  SVM algorithm to determine emotional polarity. 

3) LSTM and Bi LSTM models:  Use LSTM to capture unidirectional 

semantics or Bi LSTM to extract sentence context features, and use softmax classifiers 

for sentiment analysis. 

4) CNN-Att and BiLSTM-Att models: CNN extracts local feature information 

from text, or uses Bi LSTM to obtain contextual semantic information, and then 

calculates the attention weight of the model's output features using Attention. Finally, 

it enters the fully connected layer and outputs with the classifier. 
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5) CNN-BiLSTM model: The segmented sentences are vectorized through 

word embedding, and then input into the CNN. The extracted local features are further 

input into Bi LSTM, and the final result is obtained through a classifier. 

Table  2 Experimental comparison results 

Algorithm Accuracy (%) Recall (%) F-value (%) 

LR 76.85 76.21 76.39 

SVM 81.14 80.76 80.95 

LSTM 83.19 82.89 83.05 

CNN-Att 83.84 83.50 83.70 

Bi LSTM 84.97 84.50 84.83 

Bi LSTM-Att 87.08 86.99 87.02 

CNN-Bi LSTM-Attention 88.58 88.44 88.52 

 

The experimental results of the proposed algorithm and several other neural 

network model methods on Microblog sentiment dataset are shown in Table 1. From 

the experimental results, it can be seen that traditional machine learning models such 

as LR and SVM have poor experimental results. LR models are relatively simple, 

and their models themselves cannot perform feature filtering, resulting in poor data 

fitting performance; Although the classification performance of  the SVM model is 

better than that of the LR model, it only performs a single weighted average for the 

word vector information in the sentence. Therefore, traditional machine learning 

methods are not suitable for the current needs. In the Microblog sentiment polarity 

analysis experiment, it is evident that the test results of the deep learning model are 

superior to traditional machine learning models. The experimental results of the Bi 

LSTM model have higher accuracy compared to the LSTM model, indicating that 

bidirectional units have significant advantages in serialized data processing. After 

incorporating attention mechanism into the CNN network, its classification 

performance is better than that of the LSTM model. The CNN network learns the 

word vector representation of text through convolutional window sliding, which can 

effectively extract the overall features of sentences. Moreover, the attention 
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mechanism can focus on semantically related vocabulary in declarative memory, 

better capturing emotional words and assigning them higher weight values. 

It can be seen that the CNN BiLSTM algorithm has more advantages over 

traditional machine learning algorithms in grasping Microblog text features. The text 

features extracted by this algorithm are more comprehensive than the information 

captured by a single CNN or BiLSTM network. The introduction of attention 

mechanism makes the model pay more attention to the emotional part of the text, 

and the allocation of weight information makes the text representation more rich in 

emotional feature information, This advantage is also reflected in the comparison 

between BiLSTM and Bi LSTM-Att models, where the text representation is 

consistent, but the model has been effectively improved under the attention 

mechanism. 

5.4.2 The optimality of the architecture 

To further explore the advantages of the design of each part of the model 

proposed in this article, ablation experiments were conducted. The proposed model 

was decomposed and BiLSTM network, multi-channel CNN network, and Attention 

mechanism were removed to verify the effectiveness of the removed part. To control 

the influence of parameters on the experiment, the hyperparameters were set the 

same for each group of experiments. The experimental results are shown in Table 3 

(w/o represents without). 

Table  3 Ablation test results 

Model Accuracy (%) Recall (%) F-value (%) 

w/o word2vec 87.91 87.92 87.91 

w/o CNNs 86.87 86.83 86.87 

w/o BiLSTM 89.26 89.11 89.08 

w/o Attention 89.25 89.18 89.13 

CNN-Bi LSTM-Attention 89.44 89.42 89.39 

 

From  the  experimental  results,  it  can  be  seen  that  each  part  of  the  

model's  structure significantly  improves the performance of the model. Under the  

same  conditions, the word embedding layer trained with Word2Vec has an improved 
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F-value compared to the method of  randomly initializing word vectors, indicating 

that Word2Vec has a good effect on the training of  word vectors. When the attention 

mechanism is not added, the model can achieve good results by only utilizing the 

feature extraction advantages of CNNs and BiLSTM. However, the attention 

mechanism can amplify the differences in text features in the final results, 

achieving further mining of text features. The embedding of CNNs and BiLSTM is 

beneficial for improving model performance.  The   introduction  of  BiLSTM  model   

can  increase  the  richness   of  semantic information, effectively capturing long-

distance dependencies and contextual information in text; After removing the CNN 

network with multiple channels, local features of multi-scale text were ignored, 

resulting in a significant decrease in F-value. This also indicates that increasing 

the structure of CNNs has a positive effect on sentiment polarity analysis models. 

Therefore, the analysis results of the model in this article are better than other 

models. On the one hand, it fully utilizes the advantages of CNN and BiLSTM models, 

which can extract multi-scale local feature information in the text while parsing 

contextual semantic information; On the other hand, by constructing an attention 

mechanism to obtain more implicit information, the impact of non-key vocabulary 

on the model is reduced. Multiple features are fused in a multi-channel form to 

achieve sentiment enhancement of word vectors, making semantic features more 

correlated with sentiment polarity labels, thus achieving the best sentiment 

classification performance. 

 

5.5 Conclusions 

A Microblog sentiment analysis method is proposed based on CNN, 

BiLSTM, and attention mechanism. This method focuses on multi-scale text input 

features and achieves the importance allocation of different dimension text features 

through attention mechanism. The experimental results demonstrate that the multi-

channel CNNs BiLSTM sentiment classification algorithm based on attention 

mechanism performs better than other benchmark models on Microblog datasets and 

can effectively identify and analyze the emotions of netizens' Microblog posts in 

online public opinion. 
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There are still some shortcomings in the data and methods of this study. The 

research data is limited to Microblog short text, and the classification effect of the 

model on long text data is not discussed. At the same time, neutral text is not 

considered to be added.The next stage of research work is to deploy the model to long 

text classification and explore the effect of three classification sentiment analysis. 
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