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Abstract

With the rapid development of the Internet, people all over the country are keen to express their
views and opinions on something on social media. In the UK, people are accustomed to using
Twitter to express their opinions, while in China, people are more inclined to express their opinions
on Weibo. At the same time, with the popularization of mobile phones and the smoothness of the
Internet, we can discover new things anytime and anywhere, and we can also express our opinions
anytime, anywhere. Therefore, the information on social media has a strong sharing and real-time
nature. At the same time, because it is information released by people's subjective wishes, people's
views are more subjective and authentic. From social media, we can get almost any information we
want. For example, the government wants to listen to people's opinions on the newly promulgated
policies, buyers want to get people's comments on products, and movie publishers want to get public
comments on movies. Almost all of them can be found on social media. Therefore, after obtaining
social media information, it is very important to perform sentiment analysis on the text information

of social media.

This project mainly conducts sentiment analysis of social media. Through the sentiment analysis of
social media, the keywords of microblogs with different sentiments can be obtained. Analyze the
key technical issues of social media, model the emotional analysis of social media, and predict the
emotional tendency of the text information of social media. At the same time, through social media
sentiment analysis in different languages, analysis methods and model choices suitable for different

languages are obtained.

This project uses the Twitter and Weibo data sets for analysis and uses jieba to perform part-of-
speech tagging and word segmentation on the Chinese data set. Use statistical methods to analyze
the data set, use Tf-IDF and Bag of Words methods to extract features of the data, and use logistic
regression and naive Bayes algorithm to classify text. Finally, the Bert pre-training model was used
for social media sentiment analysis and achieved the best results.



Table of Contents

CHAPTER 1: INTRODUCTION ...uoiiiiiiiiiiiiicisiisessesssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssssns 7
1.1 INTRODUCTION TO THE PROBLEM .....vveveteteteeeeeeeeeeeee ettt eeeses e eeeses e eseseseseseseseseseseseseeeseseeeseseeeeeeseeeeeeeeeens 7
1.2 AIM AND OBIECTIVES ...ttt ettt ettt ettt ettt ettt ettt e ettt e e et et e e et et e e e et e et et et e st et et et e et ees et et eenseneneen e 8

CHAPTER 2 LITERATURE REVIEW ....cuiiiiiiciisieeicinssnsssssssssssessssssssssssssssesssssssssssssssssssssssssssssssssssnnns 10
2.0 CON CEPT e ettt ettt ettt ettt ettt 10

211 EMOION @NG SENEITIONL ...ttt 10
2. 1.2 SONEIMEIE ANALYSIS......cooveveoeesicsoeeisieieiiesieie ettt sttt 11

2.2 DATASET

2.2.1 TWITTEr QAtaSEL..........cocovoveorrereeriseseissesiesieren
222 IMDB QATASEL ...t
223 WEIDO QAIASEE .........oooeosee s 1z
2.3 DATA PREPROCESSING ......covivitivieeeceeeeeeeseeeeeeeeesesesesesesssesssssessssssssssssssssessssssssssssssssssssssssanassssnsnssssssseaseseneneees 13
2.3.1 Format mark removal N QAIE SO ............ccococcovvrseeeeesieesesseeeerse e 13
2.3.2 Remove Stop WOrd's ana SEEMIMUNG..........c.c.cccoveeeeeeeieeiereeieisieieeeseseveeisisseseiisssiesesssssasesssises 13
2.3.3 WOID SEQIMENEGLION.........oooeosieseseses ettt 13
2.3.4. Part-0f-SPEECIH tAQQING. ... ettt 14
2.4 TECHNIQUES FOR SENTIMENT PROCESSING.......cueiiieieeeeeeteteee ettt 14
2.4.1 Method based 0n SENHIMENt QICHIONAIY ............ccocovevvrsiersesisisiivrisisesessiessisisisisssisisssissisns 14
2.4.2 Supervised learning approach
LA 3 DCEP JCAITIIIG ...ttt
2.5 FEATURE SELECTION ...euttuttctet ettt
L.O5.T WOKT ... 21

3.1 RESEARCH METHODOLOGY ...ttt ettt ettt ettt ettt ettt 25
3.2 EXPERIMENTAL DESIGN.....o. ettt ettt ettt et ettt et ettt e et et e e s e e 25
CHAPTER 4: DESIGN AND IMPLEMENTATION.....cccciiiieircveiiccnrs e ss s sassessss e s sne s sssssssssnensns 28
4.1 UNDERSTANDING OF BUSINESS GOALS .......oviviteieeeeeeteeeees et eee ettt ettt n s 28
4.2 DATA UNDERSTANDING .....oeoteeeeeee et ettt ettt ettt et et ettt et et e et et et e et ettt enaes 29
4.2.1 Preliminary analysis Of thE Tat@ SEL ...............c.ccooveeeveesiereeiesieieeeeieiseiesieseiiesieseviesiasesesisns 29

G 2.2 DAL QUANLY ..ottt 31

4.3 DATA PREPROCESSING ...ttt eeeee ettt ettt ettt sttt et ettt ee et e et et et et e et et et et e et e e et et et e et e e et et eteete e ans 32
B3 T TWILEOE QALA SO ...ttt ettt ettt 32

G.3.2 WOIBO QLA SO ...ttt 34



A DATA ANALYSIS ..ottt ettt ettt et et e et s et et a et s et en et n s 36
44T TWILEEE QLA SOL.......o.oeoeee e 36
4.4.2 Weibo data set
G4 3 CONCIUSIONS ...ttt

5. RESULTS ..ottt ettt ettt ettt ettt ettt ettt 46
5.2 DISCUSSION ...ttt ettt et ettt ettt et ettt et et e et et et et et et et et et et ee et et e et e e ee st e e et eeeneneaea 46
CHAPTER 6 CONCLUSIONS AND RECOMMENDATIONS......cccciiiiienrininssssssssessssssssssssssssssssns 48
B. 1 CONCLUSIONS ...ttt et ettt ettt ettt et et et e et e ettt et e et e et et e st e e e e 48
0.2 RECOMMENDATIONS ...ttt ittt ettt ettt ettt et e et e bt s et et et e et et et et et e et e st et et e se et e st et et as s et st etestaseseeeeatean 48
CHAPTER 7 REFLECTION ... citiiiieeeiieresisesrssseesssssssssssssssssssssssessssssssssssssssssssnssesssssssssssnsssnnsssssanensas 49
o o =1 0 =1 50

List of Figures

Figure 1 The two-dimensional structure of emotion[1] ........cccccoveiiiiniiiieniiiieeniee e 10
Figure 2 Classification algorithm process [20] ........ccoeeiiiiriieiiieiiie et 16
Figure 3 RNN model diagram..............ccooiiiniiiniiiiiiiiiic sttt 17
Figure 4 RNN model diagram [21] ........ovvvviiiiiiiiiiiieeeiiiiieee e eeeiieee e e e e errreeee e s e seennaeeeee s 17
Figure 5 Text-CNN model diagram [22] ......cccveeeiiiiieeiiiieeiiieee e eeieeeeeireeeeeeveeeesevaee e 18
Figure 6 The attention mechanism model [34] .........cooviiiiiiiiiiiiiiiie e 19
Figure 7 Word2vec CBOW model [39][40].......uuviiireeeiiiiiiee et e vreaeee e 23
Figure 8 Word2vec skip-gram model [39][40] ...cccvvreiiiiiieiiiie ettt 23
Figure 9 The CRISP-DM model [S0]......uiiiiiiiiiiiiiiee ettt 26
Figure 10 The stages and their tasKS ..........coccviiieiciiieiiiiee et eree e evveeeseveee e 26
Figure 11 Negative emotional tWEELS .........eevveeriieriieiiieiiieeriee ittt et eae 30
Figure 12 POSItIVE tWEELS......ccocuiiiiiiiiiiiiit ettt ettt et ean 30
Figure 13 Original TWitter data SEl.........c.ceeeriuiieeiiiieeeiiiieeeieeeeeieeeeeireeeeireeeeeraeeeseaeee e 33
Figure 14 Two-attribute TWitter data Set..........ccoceeriiiiriiiiniiiniienicreceec e 33
Figure 15 Twitter data set after Cleaning ............cocvvvveeeeiiiieiciiie et 33
Figure 16 Twitter data set after Cleaning .............cccveeiriiiieeiiiie et 34
Figure 17 Twitter data set after Cleaning .........c.cccevveiiiiiiniiiniiiiiiciiccec e 34
Figure 18 Twitter data set after Cleaning ..........cceveviiieiiiieeieiiiie ettt e e eeveee e 34
Figure 19 WeiBo data SEt.......c..coiviiiiiiiiiiiiniiciieeiiie ettt 35
Figure 20 The number of MIiCTODIOZS ........ccoviiiiiiiiiiiiiiiii e 35
Figure 21 The word segmentation TeSUILS...........cccuieeiriiiieeeiiieeeriieeeeiieeeeieeeeeieeeesearee e 36
Figure 22 The distribution of the number of emotional polarity labels...............cccceeveneenn. 37
Figure 23 The sentence length diStribUtion.............cceviiiiiriieiiie i 37

Figure 24 The 30 most frequent words of negative attitude tweets.........cccceevveerernieenneene 38


file://///Users/L-sevne/A-Lseven/UWTSD/Model/Project/project_Xiaoqi%20Quan.docx%23_Toc87652835
file://///Users/L-sevne/A-Lseven/UWTSD/Model/Project/project_Xiaoqi%20Quan.docx%23_Toc87652835

Figure 25 Negative emotion tweets word cloud............ccccooiieniiiniiiiiiiiiniiniiceceee 38

Figure 26 The 30 most frequent words of tweets with positive attitudes ............ccceeeeeveenns 38
Figure 27 Positive emotion tweets word cloud............ccceeiiiiiiiiiiiiiiiiiee e 39
Figure 28 Category distribution Map...........cccueevuieriieeiiieeiieeeieeseieeieeeieeesieeeseeeesreeeaeeens 40
Figure 29 The sentence length diStribution...........ccceeveeiiiiiiiiiie i e 40
Figure 30 Words with the highest frequency of occurrence............ccoeveveeeviiieiiniieeeniiieene 41
Figure 31 Word ClOUd .........cooiiiiiiiiiicciiee ettt et e et e e st eesetaeeeensaaee e 41
Figure 32 Words with the highest frequency of occurrence...........ccceevcveeeriiieeiniieeeiciieens 42
Figure 33 Word CloUd.........ooooiiiiiiiiii ettt e e e tbe e e seraeeesetsaeaenes 42
Figure 34 Words with the highest frequency of occurrence..........ccccevevveeiiiiieeencieeeeciieeens 43
Figure 35 Word Cloud........coooiuiiiiiiiiiiiciee et e s e et e e 43
List of Tables
Table 1 Confusion MAtriX [27] ....ceccvereeeiiieeiiieeeeoiieeerieeeeeetreeeesereeeestaeeeesssaeeessaeeesssseeennes 24
Table 2 Fields in the TWitter data SET.........ccevvveeriieriiiriiieiniiienieeree et 29
Table 3 Fields in the IMDB data SEt.........cccccouieriiieriiieeiie ettt e e 30
Table 4 Fields in the Weibo data set...............ccc.ccccoiiiiiiiiiiiiieeceeee 31

Table 5 The experimental TESUILS.........cocuiiiiiiiiiiiiiee e 46



Chapter 1: Introduction

1.1 Introduction to the problem

Tim Berners-Lee created the first website in 1991. With the rapid development of Internet
technology, various products led by companies such as Google, Facebook, Amazon, Baidu, and
Alibaba have become the mainstream of the current Internet world. It also makes the Internet the
third largest media besides television broadcasting, newspapers, and magazines. It also makes
people more and more accustomed to publishing information and obtaining information through the
Internet, and more accustomed to publishing some information containing their own feelings on the
Internet. Therefore, various text messages expressing emotions are widely distributed on the Internet,

such as BBS, chat rooms, personal blogs, and social networks such as Weibo and Twitter.

With the rapid development of the Internet, we can obtain more and more information. On the online
shopping sites, we can find a lot of experience about the same item that another person purchases
before we buy it by ourselves. On the various blog sites, we can see the views of bloggers about one
thing. On the social media, we can get viewing comments on a newly released movie which is
published by other people, participate in discussions on current popular news events, and obtain
feelings or views on any event. With this open concept of user-centered and user-participation, the
role of the user has changed from a mere online reader to a network contributor and participant.

This role change has brought about a blowout of the Internet's subjective sentiment tendencies.

Among them, Twitter is a very popular microblogging service that focuses on brief, real-time status
updates. It attracts more and more people to express opinions and emotions on current hot topics.
In the fourth quarter of 2019, the number of users that post a tweet in one day is 126 million. Users
use the service provided by Twitter to create a kind of status information (tweet) to express their
views on different topics. Twitter users can follow other users or be followed by other users without

any authentication information. This has accelerated the speed of information dissemination.

Similarly, Weibo is a microblogging service in China. Weibo is a paragraph of text as the main
content, while emojis, pictures, videos, etc. can be introduced to narrate and supplement the text. In
this self-media era, Weibo plays a pivotal role in China. According to the latest data from the China
Internet Center [28], as of June 2017, the number of Weibo users was approximately 291 million.
Among the typical social applications in China, the number of users in Weibo ranks among the top

three and is on the rise.

Compared with other social media, Weibo and Twitter have obvious advantages:
1. The form of release is simple and diverse. Twitter and Weibo can share their stories and publish
their thoughts anytime and anywhere through the mobile client, and can also add emojis, pictures,

videos, and links. The release form is simple and clear, and there are many ways to upload.

2. A wide range of information acquisition platforms. Twitter and Weibo cover the accounts of



various public figures, industry elites, news and information media, etc. Most celebrities and
relevant industry platforms also have relevant accounts. We can also obtain all kinds of news on this
platform in time and understand relevant information. By searching the topic that we are interested
in on this platform, we can also get the general public’s discussions and opinions on related topics..

Therefore, Twitter and Weibo can easily obtain the information that we want to know.
3. Information is updated and spread quickly and we can get the latest news.

In the era when the Internet is not popular, if government departments want to obtain citizens’
opinions on a certain matter or film companies want to know the audience’s evaluation and likes of
a certain movie, they usually use questionnaire surveys or voting to obtain the information. This
method only relies on manual tracking and analysis, so the work efficiency is very low, which not
only will consume a lot of manpower and material resources, but the process of obtaining results
will also be very long. With the birth of social media, these methods have gradually withdrawn from
the stage. How to quickly obtain the information we need from short text data such as social media,

and analyzing this information replaces the past methods.

Faced with such a large amount of unstructured emotional data, it is more and more difficult for
people to obtain the required knowledge, it is also more and more difficult for people to obtain
effective information, and it is also difficult for users to obtain an overall grasp of this information.
Therefore, how to effectively process and analyze these massive amounts of information and

quickly and accurately discover the required information has become more and more important.

In response to the above situation, sentiment analysis technology is more and more worthy of
attention. Text sentiment analysis is to analyze the text and judge its sentiment polarity, that is,
positive, negative, or neutral sentiment. Through sentiment analysis of massive social media data,
we can understand the user’s feedback on a certain event or a certain product, understand the user’s
true feelings and general opinions, to provide decision-making support to the service provider and

give users better experience.

In summary, how to filter and analyze information on social media, and how to classify information
on sentiment is of great practical significance. Therefore, this project selects Twitter and Weibo

datasets for social media sentiment analysis.

1.2 Aim and objectives

The goal of this project is to perform sentiment analysis on social media texts. Its main task is to
analyze the emotional tendency expressed in the text, that is, the positive or negative emotional
tendency reflected in the text content. Since social media is a short text, this project focuses on
sentence-level sentiment analysis. For example, "Today is a good day!", "A bit bad luck, today!"
Through analysis, we can know that the first sentence is a positive emotional tendency, while the
second sentence is a negative emotional tendency. Through sentiment analysis of the text, we can
understand people's feedback on a certain event or a certain product, to better understand the real

feelings and opinions of users.



The objectives of the project are as follows:
1. Research in the field of sentiment analysis. This objective is very important and understanding
the related research and related theories of sentiment analysis will play an important role in the

project.

2. Perform data analysis on the data set. Perform statistical analysis on the data set to better

understand the data set and grasp the characteristics of related emotion types.
3. Analyze the emotional tendency expressed by the text, design different models, and conduct
experiments. Research and analyze the experimental results and select the appropriate social media

sentiment analysis model.

4. Compare the differences in sentiment analysis between Chinese and English social media.



Chapter 2 Literature Review

2.1 Concept

In this section, we will introduce some professional terms and concepts involved in sentiment

analysis, as well as the definition of related concepts in the field of psychology.

2.1.1 Emotion and sentiment

At present, with the rapid development of Internet technology and the gradual popularization of
smart phones, people increasingly rely on online social networks. At the same time, people's
information exchange, sharing of life, and expressing their opinions and emotions are not limited to
face-to-face communication, but more to express their thoughts on social networks anytime,
anywhere. Social networks currently contain a large amount of unstructured data of user emotions.
To better understand user emotions and behaviors, it is necessary to perform sentiment analysis on

these unstructured data.

In daily life, we always confuse emotion and sentiment, but psychologists believe that they are
different. Emotion is a more complex mental state, which is usually linked to actions0. Sentiment
is a psychological attitude based on emotion [1]. Watson and Tellegen gave the famous mental
model diagram, which shows the two-dimensional structure of emotions well, as shown in Figure
I[1]. It can be seen from the figure that emotions are divided into 8 categories, and then each
category is subdivided into 3-6 categories, a total of 37 categories. In the field of psychology,

emotion categories are
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Figure 1 The two-dimensional structure of emotion[1]
more diverse and richer. American psychologist Ekman believes that there are six basic emotions,
namely joy, sadness, anger, fear, disgust, and surprise[2]. Later other psychologists added two basic

emotions, trust, and anticipation.



2.1.2 Sentiment analysis

Nesukawa et al.[4]proposed sentiment analysis and described the tasks and difficulties of sentiment
analysis in detail. At present, Weibo and Twitter have become very popular communication tools
among Internet users. Since the message format is unrestricted and the platform is easily accessible,
people are increasingly inclined to switch from traditional communication tools such as traditional
blogs, mailing lists, and telephones to these Internet social networking sites/software. Millions of
messages appear on these websites every day. This information contains the author's life records,
shared views on various events, and everyone will discuss together to form a topic circle. More
importantly, more and more users will publish the products or services they use and give comments
or express their political and religious views. With the user's permission, making full use of this
information can be effectively used for marketing or social research. For example, sentiment
analysis can allow customers to have a more comprehensive understanding of a product based on
the buyer's emotions; at the same time, it can also allow businesses to better improve their products
based on negative reviews. Sentiment analysis is also very important for political information.
Before the European Parliament election, researchers will collect more than 1.2 million Twitter
conversations (including three languages) for analysis within two weeks0. Therefore, sentiment

analysis plays an important role in all aspects.

Researchers have given specific definitions of opinions/emotions. They believe that
opinions/emotions need five parts, namely the name of the entity, the aspect of the entity, the
sentiment on the aspect of the entity, the holder of the opinion, and the time of publication, which
is expressed by a S-tuple (ei, aij, Siji, hk, t)[3].[3] introduced and compared various views in
sentiment analysis, including regular and comparative views, explicit and implicit views,

subjectivity and emotion.

The current research on sentiment analysis can be classified from three perspectives: Task-oriented,
Granularity-oriented and Methodology-oriented. Task-oriented mainly includes Polarity
Classification, The Level of Valence or Arousal at a Specific Scale, Beyond Polarity,
Subjectivity/Objectivity Identification and Feature/Aspect-based Sentiment Analysis. Granularity-
oriented mainly includes Document Level Sentiment Analysis, Sentence Level Sentiment Analysis
and Word Level Sentiment Analysis. Methodology-oriented mainly includes Supervised Learning

Approach, Unsupervised Learning Approach and Semi-supervised Learning Approach0.

2.2 Dataset

This section will introduce the data sets used in this project. This project mainly uses three data sets,
all of which are public data sets and do not involve privacy and other related issues. All three data
sets can be used for sentiment analysis, two of which belong to the English data set (Twitter, IMDB),
and one belongs to the Chinese data set (Weibo). Twitter and Weibo are social media sentiment

analysis data sets, and IMDB is a movie review data set.



2.2.1 Twitter dataset

Sentiment140 can be obtained from http://help.sentiment140.com/for-students. The data set is in

CSV format, and any traces of emoji have been deleted. The data set contains a total of 1,600,000
tweets extracted from the Twitter API. This data set labels 1,600,000 tweets as two emotions, with

0 representing negative and 4 representing positive.

This is a public data set that mainly collects tweets that people publish on Twitter. This data set
performs preliminary data cleaning on tweets, deleting information such as emojis, and at the same
time, this data set has sentiment annotations for each tweet. The sentiment tagged tweets can well

verify the model's ability to perform sentiment analysis.

In social media, the information people publish often contains their own opinions and experiences,
and this information often contains rich emotions. A reasonable sentiment analysis of this
information can provide guidance for merchants and consumers in marketing strategies and
consumption choices. At the same time, it can also provide convenience for the government and
other official departments to understand the public opinion and public opinion orientation.

2.2.2 IMDB dataset

[S]published the data set used in the experiment, which provides a movie review data set, including
50,000 IMDB movie reviews, of which 25,000 are used as the training set and 25,000 are used as
the test set. At the same time, the data set is a balanced data set with the same number of positive
and negative. At the same time, the data set also provides 50,000 unlabeled movie reviews for

unsupervised learning.

This is a public data set, collected mainly for people evaluate the film. And the data set has sentiment

annotations for people's evaluations.

The distributor can predict the box office based on the audience's comments during the movie's
release, and the audience can also judge whether to watch the movie based on the comments.
Filmmakers can also analyze the strengths and weaknesses of movies based on audience comments

and make better movies.

2.2.3 Weibo dataset

This is a Chinese data set. The Weibo dataset can be obtained from
https://github.com/SophonPlus/ChineseNIpCorpus/blob/master/datasets/. The data set contains

more than 360,000 Sina Weibo, which contains a total of 4 emotions, 0 means joy, 1 means anger,
2 means disgust, and 3 means depression. Among them, there are about 200,000 for joy, and about

50,000 for anger, disgust, and depression respectively.


http://help.sentiment140.com/for-students
https://github.com/SophonPlus/ChineseNlpCorpus/blob/master/datasets/

This is a Chinese data set, which is like the Chinese version of Twitter. Chinese users will post on
Weibo some of their daily life and their views on some things. This data set performs more fine-

grained sentiment analysis on user Weibo, which can better classify user sentiment.

The sentiment analysis of Weibo is as important as the sentiment analysis of Twitter.

2.3 Data preprocessing

In this section, we will introduce how to preprocess data. Data preprocessing is one of the basic
tasks of sentiment analysis or natural language processing. Data preprocessing is to convert text into
an intermediate form suitable for text processing and remove some irrelevant features, such as

removing format tags in the text, filtering useless information, and removing stop words.

2.3.1 Format mark removal in data set

Some documents in the data set are stored in the form of web pages, and some are stored in the form
of hypertext language. Documents stored in the form of web pages need to filter some useless
information, such as URL links, Twitter usernames are the string following @, and special
characters in Twitter such as "RT" and other abbreviations used exclusively by Twitter software. [6]

2.3.2 Remove stop words and stemming

Stop words generally refer to function words in the language. These stop words appear many times
in the text but have no practical meaning. Generally called function words in Chinese, such as "H
", "Hp", "IFT", "I3" and so on. In English, it includes articles, pronouns, auxiliary verbs, copulas,
etc.[18].

Stemming only means removing the prefixes and suffixes of words in English, and only keeping the
stem parts of the words. Words in English often have prefixes, roots and suffixes. In sentences,
words also have part-of-speech changes in gender, number, case, and tense, so they need to be

stemmed[18]. Commonly used tools are Stanford coreNLP[8]

2.3.3 Word segmentation

Word segmentation is also an important step in preprocessing.

In English, the clear division between words and strict grammatical norms make English text
processing more convenient. It is worth noting that it is necessary to make sure that some
abbreviations are not divided, such as I’'m, I'l], etc. Finally, some useless stop words in the text need
to be removed, such as "a", "an" and so on[6].

In Chinese, there is no obvious boundary segmentation between words, which makes Chinese text



processing must first do Chinese word segmentation. For example, "F(1)/= X (like)/ 1 [E (China)".
There are three methods for Chinese word segmentation: understanding word segmentation, string
matching word segmentation, and statistical word segmentation. The string-matching method is to
use a dictionary library to match strings. The more words in the dictionary library, the higher the
accuracy of word segmentation. The comprehension method is to use the rule base to understand
the string. The larger the rule base, the higher the accuracy of word segmentation, but the time
complexity of processing the rule base algorithm is very high, and the speed of word segmentation
is slower than the other two speeds. Statistics-based word segmentation requires a dictionary
database for statistical training to obtain the probability of various words, which can be used as the
basis for word segmentation. The size of the dictionary database and the size of the training set will
affect the accuracy of word segmentation[18]. At present, the more popular word segmentation tools
are jieba word segmentation|[7] and Stanford coreNLP [8].

2.3.4. Part-of-speech tagging

The basic methods of part-of-speech tagging are rule-based part-of-speech tagging and statistics-
based part-of-speech tagging. The rule-based word tagging method mainly relies on the context to
judge the concurrent words. The part-of-speech tagging method based on statistics is to tag the part-
of-speech based on the co-occurrence probability. It is generally believed that combining statistical
methods and rule methods is the best way to solve the problem of part-of-speech tagging. The
commonly used tool is Stanford coreNLP [8§].

2.4 Techniques for Sentiment Processing

In this section, commonly used methods in sentiment analysis will be introduced.

2.4.1 Method based on sentiment dictionary

The method based on the sentiment dictionary needs to use a dictionary with sentiment labeling for
different words and perform sentiment analysis based on the sentiment labeling words provided by
the dictionary. This method first needs to preprocess the input text, then perform word segmentation,
match the segmented words with the words in the dictionary, and finally output the results of
sentiment analysis according to the rules of sentiment judgment. Most emotional dictionaries are
artificially constructed. It takes a lot of cost to build an emotional dictionary. The tagger needs to
read a lot of related materials and existing dictionaries. Based on this knowledge, combined with
the tagger's understanding, summarize the words with emotional inclination, and mark the
emotional degree of these words. SentiWordNet[11]is the earliest sentiment dictionary. It puts words
of the same meaning together according to WordNet and marks the emotional tendency of these
words. The dictionary mainly marks the positive or negative polarity scores of the words[10].
Chinese sentiment dictionaries mainly include NTUSDJ[12], HOW NET[13] and sentiment
vocabulary ontology database[14]. These three dictionaries contain different numbers of Chinese
praise and derogatory words[10].



2.4.2 Supervised learning approach

2.4.2.1 Rule-based algorithm

Rule-based algorithms, rules are formulated differently according to different emotions, and then
match the rules according to the input text. The emotions corresponding to the matching rules are
the emotions of the input text. Asghar et al.[15]analyzed the semantics of words, divided the words
into +ive and -ive categories, and then identified and classified the expressions, modifiers, general
words, and domain-specific words expressed in the public’s feedback on the product0. This method

solves the problem of low efficiency caused by data sparseness.
2.4.2.2 KNN algorithm

KNN was proposed by Cover and Hart in 1968. It is one of the earliest algorithms applied to text
classification and has a good classification effect [29]. The basic idea is given the text to be classified,
find the k texts closest to the new text in the training text set, and then judge the category of the new
text according to the category of the k texts [16].

The KNN algorithm includes the following steps: first prepare the data and perform preprocessing,
then calculate the distance between the test sample and other samples, then sort the calculated
distance and select the k points with the smallest distance, and finally compare, test the sample The
category of is the category with the highest proportion among the K points.

The KNN algorithm has high accuracy and good stability, but it can be seen from the steps that the
value of k is very important. If the k value is too small, the true classification of the test sample may
not be selected [29]. If the value of k is too large, the amount of calculation will increase, and the

calculation overhead will be very large, which will affect the effect of classification.
2.4.2.3 Naive Bayes Algorithm

This is a probability-based machine learning algorithm, which is widely used in text classification.
The main concern is the probability of the text belonging to each category. The main idea is to
calculate the given text d=(t,t,t3,... .., tn) the probability that the feature item t belongs to each
category, the probability that the text d belongs to the category C; can be obtained, and the category
of the text d is judged by these probability values, and the frequency of the feature item appearing
in the category C; is calculated The probability that the feature item belongs to the category C; can
be obtained[17].

Naive Bayes performs sentiment analysis, the process is simple and fast, and when the assumption
of independence of distribution is established, the effect of Bayesian classification is very good, and
it requires fewer samples [30]. Naive Bayes is highly efficient and robust. But it also has
shortcomings. The good results are based on distribution independence. In fact, this assumption is



difficult to achieve, so it will affect the prediction effect[17].

2.4.2.4 Support vector machine algorithm

The support vector machine [19] started as a two-class classification model. The main idea of this
method is to target the feature vector in a plane, including positive and negative categories, the SVM
algorithm is to divide the two categories by finding a hyperplane to distinguish the two categories
[31]. The specific classification is shown in the figure 2.

For such a two-classification model, when multi-classification of text is to be performed, multiple
hyperplanes need to be constructed. The main methods are:

1. One-to-many, take one as a positive sample, and the other as a negative sample, and finally
construct a multiple SVM model. In sample prediction, the final category is classified as the
category with the largest SVM value [20].

2. One-to-one, each of the positive and negative samples selects one class. For K class samples,
K(K-1)/2 classifiers are finally constructed [20].

3. DAG SVM method. Construct a directed acyclic graph and classify and train according to
different categories [20].

& wx+b=0
Figure 2 Classification algorithm process [20]
2.4.3 Deep learning
This section mainly introduces several basic neural network models.
2.4.3.1 Recurrent neural network

The cyclic neural network is a network model with an iterative structure. The input is a time series
string. The intuitive understanding is similar to the way humans read or read text. With the help of
the coding of interneurons in the computer, the history of interneurons Information can naturally be

passed to the next interneuron, so it has obvious memory capabilities and can model serialized data.



However, in the RNN design, the back propagation of the gradient leads to the continuous
accumulation of the gradient, and the intermediate eigenvalues will appear to move closer to the
extreme value, which is manifested as infinity or close to 0. This phenomenon is called gradient
explosion or gradient disappearance. Therefore, the biggest challenge RNN faces is the problem of
long-term dependence. Long-term dependence means that the nodes of the neural network cannot
obtain contextual information from long-distance time steps after multiple calculations over time.
The specific performance is that the gradient of the weight matrix after multi-stage propagation
tends to disappear or explode. The gradient is the value used to update the weight of the neural
network. The disappearance of the gradient means that the gradient decreases as the
backpropagation. If the gradient value becomes very small, the network will not continue to update
the weight. Using RNN as a training model often fails to achieve expectations The effect, the model

structure diagram is shown in Figure 3.
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Figure 3 RNN model diagram

2.4.3.2 Long short-term memory network

In order to solve the problem of gradient disappearance and gradient explosion in the recurrent
neural network, Hochreiter [21] et al. proposed a long and short-term memory neural network,
referred to as LSMT. Compared with RNN, the neuron of LSTM is also a model for modeling
serialized data, and its input includes the current node and the previous hidden layer [32]. The
biggest difference from RNN is the change of internal structure, which is specifically manifested in
the addition of input gates, forget gates, output gates and internal memory units to neurons [32].
The LSTM model structure is shown in Figure 4.
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Figure 4 RNN model diagram [21]



2.4.3.3 Convolutional Neural Network

Convolutional neural networks were first used in the field of computer vision. Traditional
convolutional neural networks consist of three structures: convolution, activation, and pooling. Kim
[22] et al. applied convolutional neural network to text classification (Text-CNN) for the first time,
training word vectors as weight variables to better capture the local relevance of text semantics and
convert text into vectors when processing text tasks The final output is obtained after a series of
operations such as convolution, pooling, dropout regularization, etc., by multiplying different
convolution kernels (size, number) and vectors by elements. The model structure of Text-CNN is

shown in Figure 5.

Figure 5 Text-CNN model diagram [22]

In addition, there are many joint deep learning models. Luo Fan et al. [23] used combined loop
neural network and convolutional neural network to propose a multi-layer network model H-RNN-
CNN, which uses a two-layer RNN to model text and introduces it into the sentence layer. Realize
the sentiment classification of long texts; Xing et al. [24] introduced a new parametric convolutional
neural network for aspect-level sentiment classification, which uses a parameterized filter (PF-CNN)
and a parameter gate mechanism (PG-CNN), Han Jiansheng et al. [25] proposed a sentiment
analysis model based on Bi-Temporal Convolutional Network (Bi-TCN). The model uses a
unidirectional multi-layer cavity causal convolution structure to extract the forward and backward
features of the text respectively and combines the sequence features in the two directions to perform
sentiment classification. The experiment proves that it is compatible with the one-way time
convolutional network sentiment analysis model. In comparison, the bidirectional temporal

convolutional network model has a higher accuracy rate.

2.4.3.4 Attention mechanism

The attention mechanism is derived from scientists' research on human vision, and the selective
attention mechanism of the human visual system has attracted the attention of scientists [33].
Biologists have discovered that the attention of the human visual system is very limited, and it is
impossible to carefully observe the information perceivable by the eyes at the same time. We tend

to quickly locate the target area that needs to be focused on according to our own needs, so as to



devote limited visual attention to the target area, so that we will be able to obtain more detailed
information of the target area, and we will also abandon the useless information in other areas,
which greatly improves the efficiency of our visual system to process information. The attention
mechanism in machine learning is inspired by the selective attention mechanism of the visual system.
The core goal is to obtain more useful and critical information for the current task from a variety of
information [34].

The attention mechanism model is shown in the figure.
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Figure 6 The attention mechanism model [34]

From the figure, we can see that the attention mechanism is composed of a series of <key, value>
data pairs. When a certain query is given to perform a certain task, the Query and the weight score
of each key are calculated (correlation), the value corresponding to the key is weighted and summed
to obtain the final Attention vector value. The above process can be expressed by the following
formula [2].

m

Attention(Query,Source) = Z.\'('ore(Quw'y, Key,) *Value,
j=1

Among them, Key and Value are real number vectors, Query and Attention Value are also real
number vectors, the positive integer m represents the length of the Source, and the score () is the

similarity calculation function.
2.4.3.5 Bert

In 2018, the strongest NLP model released by the Google team-BERT [35] (Bidirectional Encoder
Representation from Transformers) broke the best record of 11 NLP tasks in one fell swoop and
became the most successful model in the NLP field. Bert’s innovation is to use the Transformer
structure in the language model and use the strategy of Mask part of the word in the pre-training
language model [36]. This method can further enhance the generalization ability of the pre-training
language model and can fully describe the character level and words [36]. The characteristics of the
relationship between the levels.

The reason why Bert is so successful is that it uses a novel strategy in the pre-training language
model. It uses the Masked Language Model when training word-level representation and uses Next

Sentence Prediction for sentence-level representation. The Bert model uses the Transformer



architecture inside. The Transformer architecture is completely based on the above attention
mechanism, and the residual connection and normalization methods are used, and the number of
network layers can be very deep. The Bert model uses a two-way Transformer as the framework of
its training model [36].

At the same time, we can also use the word vector extracted from the Bert pre-training language
model to replace the traditional Word2Vec word vector features and transform from a context-free
static word vector to a context-sensitive dynamic word vector, which can better solve the polysemy
of a word problem and can also improve the classification performance of the model [36].

The two tasks of Bert are as follows:

(1) Masked Language Mode, which can be understood as cloze in the English test, it will randomly

mask 15% of the words in each sentence, and then the model will predict the words that is masked
based on the context information. For example, if the input sequence is "I am a student", the masked
sequence may be "I am a [mask]", and then the masked word is predicted through model pre-training.
At the same time, in order to solve the problem that some words may not appear in the model, a
method of replacing according to probability is also adopted. In 15% of the words in the mask, 80%

of the probability is directly replaced by the [mask] label, and 10% of the probability is used words
that are randomly selected from the corpus to replace the mask words. For example, "I am a student"

may be replaced with "I am a teacher", and there is a 10% probability that it will not be replaced.

Using this strategy allows the Transformer model to better obtain the distributed representation of
global information [36].

(2) Next Sentence Prediction can capture sentence-level features. In this task, the main objective is
to predict whether two sentences are a continuous sentence pair relationship. When training the
model, the input sentence pair information will be replaced, which means that the second sentence
in the sentence pair will be replaced with a 50% probability. Bert's pre-trained language model can
directly obtain a unique vector representation of an entire sentence. A marker "[CLS]" is added in
front of each input sentence, and a marker "[SEP]" is also added at the end of the sentence, so that
the Transformer can encode "[CLS]" during the training process. Therefore, the encoding
information of "[CLS]" represents the semantic information of the entire sentence [36].

2.5 Feature selection

From the grammatical level, an article is generally composed of words, phrases, sentences and
paragraphs, so these constituent elements can be used as the characteristics of the document.
However, the combined features will increase exponentially as the level of grammatical elements
increases. Therefore, classification methods based on the features of sentences and paragraphs are
relatively rare. Common document features include words, N-gram items, phrases, concepts, and

parts of speech.



2.5.1 Word

For a given document, the most direct method is to use words or phrases as feature items that
represent the semantics of the document. Since Chinese is different from English in format, there is
no obvious demarcation point between words. It is necessary to use dictionaries and special word
segmentation technology to pre-process Chinese documents for word segmentation. If necessary, it
is necessary to mark part of speech.

2.5.2 N-gram

The n-gram model was proposed by C.E. Shannon, the founder of information theory, when he was
studying information coding[26]. It was later used to study the statistical characteristics of strings
in English texts-information entropy. After that, N-gram was applied in many fields, including text
processing related fields. The basic idea of the N-gram model is to operate a sliding window of size
N in the unit of character bytes for the text content, and intercept a string of length N. Each string
is called an N-gram item.

And n-gram item performs frequency statistics to form a text feature vector space. For Chinese, N-

gram items generally consist of N adjacent Chinese characters.

2.5.3 TF-IDF

The TF-IDF weight function is a statistical method, which uses the inverse document frequency of
the word to weight the word frequency [37]. The basic idea of TF-IDF is that the more the word
appears in the text, the more important it is, and the higher the text frequency of the word. The lower
the importance of the word [37]. The value of TFIDF is obtained by the product of two parts, which
are term frequency (TF) and reverse document frequency. IDF is a value used to measure the
universality of a word, and the IDF of a feature item is obtained by taking the logarithm of the
reciprocal of the document frequency (DF) of the feature. TFIDF tends to keep the more special
words in the document and filter the more commonly used words in the training set. The principle
is that if the feature items are concentrated in some specific texts in the set, they often appear in
some specific texts, and these texts account for a very large proportion of the entire training set. If
it is small, then the feature can get a high-weight TFIDF. The formula is as follows:
w(t) = tf(t,d) x ifd(t) = tf(t,d) X log (%)[37]

Among them, tf(t, d) is the number of times the feature item t appears in the text d, N is the total
number of texts in the training set, and df(t) is the number of texts that contain the feature item t.

For example, if the total number of words in a document is 100, and the word "happy" appears three
times, then the word frequency (tf) of the word "happy" in the document is 3/100=0.03. Assume
that there are 10,000,000 documents in total, and the word "happy" appears in 1,000 documents.
Then the reverse document frequency (idf) is 1og(10,000,000/1,000)=4. Then the TF-IDF score of
the word is 0.03%4=0.12.



2.5.4 Bag of words model

The BOW model is also a document representation method, which is often used in the field of
information retrieval [38]. The BOW model ignores factors such as the order, grammar, and syntax
of the words in the document, and regards the content in the document as a collection of several
characters or words. The characters or words in the document maintain their own independence,
and their appearance does not depend on the appearance of other words or words.

The specific practices of the BOW model are as follows [38]:

(1) Word segmentation is performed on the sentences of all documents, and the sentences are cut
into separate words [38].

(2) Use all the words in the document to form a dictionary [38].

(3) Construct an index to the words in the dictionary [38].

(4) Encode the document and construct a vector representation of each document. The length of the
vector is the length of the dictionary, and the value of each bit of the vector is the number of times
the word represented appears in the document [38].

Below, gives an example, for example: There are two documents as follows:

(1) I am a student.

(2) I am a teacher.

According to the above two documents, the dictionary is constructed as follows:

{"I":1, "am":2, "a":3, "student":4, "teacher":5}

The two documents are represented as the following two vectors:

(1) [1,2,3,4]

(2)[1,2,3,5]

In this way, this vector is a kind of text representation and can be used as a feature of the text.

2.5.5 Word2Vec

Word2Vec [39][40] is a model for fast training word vectors proposed by the team led by Google
researcher Mikolov. It contains two training models, one is CBOW and the other is Skip-gram. Both

models include an input layer, a projection layer, and an output layer.

(1) CBOW

The CBOW model is to give a piece of text prediction for training, and then select a certain length
(window) as the research object and use context vocabulary to predict the target vocabulary [39][40]
That is, the context of a certain characteristic word is used to predict the word vector of this word.
Its input is the context word vector of a certain characteristic word, and its output is the word vector
of the characteristic word. The CBOW model is shown in Figure 7.



j Input layer

X

Z|\\',,A\‘

Output layer
Hidden layer -5 I :

/0
g \ o :
Won Y B, Wi
o Nx

H

JO.

N-dim 9
V-dim

W

& CxV-dim

Figure 7 Word2vec CBOW model [39][40]
(2) Skip-gram model
The function of the Skip-gram model and the CBOW model is just the opposite. Given a text
prediction for training, a certain length (window) is selected as the research object, and the target
vocabulary is used to predict the context vocabulary [39][40]. That is, the model uses a certain
feature word to predict the surrounding context. The skip-gram model is shown in Figure 8.
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Figure 8 Word2vec skip-gram model [39][40]

2.6 Evaluation indicators

The evaluation indicators commonly used in classification problems are selected, which are called
Precision, Recall, and F1 Value (F1-Measure). Among them, Precision refers to the proportion of
samples that are predicted to be positive and correct in the final situation among all samples that are
predicted to be positive; Recall refers to the proportion of all actual positive samples that are
predicted to be positive and correct in the final situation. The calculation formulas of the two need
to use the confusion matrix [27], the matrix is shown in the Table 1.



Table 1 Confusion matrix [27]

Predicted as positive sample | Predicted as negative sample
Actual positive sample TP FN

Actual negative sample FP TN

TP represents the positive sample that is ultimately predicted to be positive. FP represents the
negative sample that is ultimately predicted to be positive. FN represents the positive sample that is
ultimately predicted to be negative. TN represents the negative that is ultimately predicted to be
negative sample.
The calculation process of Precision is as follows [27].
. TP

Precision = TP+ FP

The calculation process of Recall is as follows [27].
TP

TP +FN

Precision is generally used to measure the accuracy of classification; Recall is generally used to

Recall =

measure whether the classification results are completely correct. In actual use, you will find that
Precision and Recall are a pair of opposite measurement indicators, so usually the weighted
harmonic average of the two is used as the corresponding comprehensive evaluation indicator, that
is, the F1 value. The calculation process of F1 is as follows [27].

2 * Precision * Recall

Recall =
eca Precision + Recall

2.7 Conclusions

The core of sentiment analysis task lies in the acquisition of text sentiment features and the
construction of classification models. In recent years, with the popularity of deep learning, more
and more deep learning techniques have been applied to sentiment analysis tasks. Using a variety
of neural network architectures, the model can extract more and deeper information, and has
achieved good results.

At the same time, more and more model combination techniques are also applied to sentiment
analysis tasks. Ouyang et al. [41] proposed a method of combining CNN network and Word2Vec
vector and added dropout technology to the model to prevent overfitting. Bradbury et al. [42]
combined CNN and RNN networks to construct a brand-new structure—QRNNSs. The model is
much faster than the simple RNN structure in training speed and achieves better performance [42].
Xue et al. [43]Jused CNN to combine with the gate mechanism and used the Tanh-Relu activation
function as the threshold unit and achieved good results [43]. Zhang et al. [44] combined the
convolutional neural network with the attention mechanism, used CNN to extract features, and
added the features extracted by CNN to the attention mechanism, thereby improving the
performance of the model [44]. Ambartsoumiandeng et al. [46] applied the self-attention mechanism
to sentiment analysis tasks. Wang Wei and others [45] integrated the attention mechanism into the
two-way gated recurrent neural network, used BiGRU (Bidirectional Gate Recurrent Unit) [47] to
extract the emotional features in the text, and then calculated and assigned the corresponding
weights to the emotional features through the attention mechanism. The classification ability of the

model was also improved [45].



Chapter 3 Research and Development Methodology

This chapter will mainly discuss the research and development methods of the project.

3.1 Research Methodology

This project mainly uses two research methods.

(1) Collection of literature and theoretical research.

In response to the problem of social media sentiment analysis, by consulting relevant information
such as network information, journal literature, etc., we learned about the background of sentiment
analysis and related theoretical and technical research knowledge and studied the feasibility of the

project design plan.

(2) Data analysis method

Perform statistical analysis and experiments on the acquired data according to certain methods.

3.2 Experimental Design

At present, there are two most widely used data mining models, namely SAS's SEMMA and CRISP-
DM [48]. The two models will be briefly introduced in the following.

(1) SEMMA
The whole process of SEMMA is divided into 5 parts: Sample, Explore, Modify, Model and
Assessment. SEMMA reflects the essence of data mining [49].

Data sampling. The task of this step is to sample the data. We need to extract a sample data subset
related to the exploration problem from a large amount of data. Through the selection of data
samples, this can reduce the amount of data processing, save system resources, and at the same time
make the regularity reflected by it more prominent [49].

Data processing. This step can be further divided into three parts: feature exploration, analysis and
preprocessing. After obtaining a sample data set, we need to check whether it meets the envisaged
requirements, whether it has obvious laws and trends, and whether there are unexpected data states.

In addition, in order to improve the effect of data mining, the data needs to be preprocessed [49].

Data analysis. This step continues to clarify the problem and whether the data set fits the problem.
In all stages, data mining products must make the data used and the model to be established in a
state of easy adjustment, modification and change to ensure the effective progress of data mining.
Therefore, at this stage we need to clarify the problem, adjust the data, and select the technology
[49].



Model establishment. This step is the key and core part of data mining. We must provide sufficient
alternative technical means at this stage [49].

Model evaluation. This step is to comprehensively explain and evaluate the model and knowledge
[49].

(2) CRISP-DM

CRISP-DM is the world's first data mining industry methodology, jointly launched by the world's
leading data mining experts SPSS, NCR, Daimler Chrysler and OHRA [50]. According to the
CRISP-DM model, the development process of a data mining project includes the following six
interconnected links: business goal value, data understanding, data preprocessing, model building,
evaluation model and model implementation [50]. The CRISP-DM model is shown in the Figure 9.
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It can be seen from the figure that the CRISP-DM model provides an overall description of the life
cycle of a data mining project, including the six phases that the data mining project will go through,
the tasks in each phase, and the connections between each phase. It is worth noting that the order of
these stages is not fixed. There is a cycle between stages (as shown by the direction of the realization
arrow), and at a certain stage, it may be necessary to return to the previous stage. Which stage or
task to be executed in each step depends on the result of the previous step. As indicated by the
direction of the dashed arrow, the overall cycle proceeds in stages. At the same time, the model
shows that the data mining work does not end at once, it is a process of multiple iterations, multiple
adjustments, continuous loops, continuous iterations, and continuous revision and improvement
[50].

In summary, CRISP-DM describes the data mining process from the perspective of support function
and methodology, and it is more appropriate to describe the data mining process at one time.
Therefore, this project uses the CRISP-DM model for data mining and analysis.



Chapter 4: Design and Implementation

This chapter will carry out experimental design and implementation according to the CRISP-DM

model mentioned in the previous chapter.

4.1 Understanding of business goals

At this stage, we need to understand our needs, and then focus on understanding the needs of the
project from a business perspective, and then convert this knowledge into problem definitions for

data mining.

With the rapid development of the Internet, people are more and more inclined to post some of their
subjective feelings on social media. This information includes comments on certain products,
participation in discussions on current popular news events, and emotions or views on any event.
Among these social media, very popular microblogs, such as Twitter and Weibo, which mainly focus
on brief, real-time status updates, attract more and more people to express their opinions and

emotions on current hot topics.

At the same time, Twitter and Weibo can use some specific signs to indicate which event/item they
are commenting on when they post comments or their own emotions. Therefore, when we need to
get people's views on a specific event or product or movie, we only need to search according to a
specific logo to get people's comments. This greatly facilitates us to collect people's views on certain
things.

According to different specific signs, different institutions can obtain relevant information
according to their own needs. For example, government departments need to obtain people’s views
on a recently promulgated policy, so government departments can search for comments on tags
containing the policy to get people’s ideas, so as to better improve the policy; If a business wants to
get people's opinions on a certain product, they can also search for the tag that contains the product
to obtain feedback on the product, and continuously improve their product based on the feedback to

improve their reputation.

After we have collected the information released by people, we need to perform sentiment analysis
and classification of the released information. Faced with a large amount of unstructured emotional
data, it is very difficult to draw conclusions by only relying on one-by-one manual reading.
Therefore, modeling and sentiment analysis are necessary, which are of great significance to

different organizations such as government departments and businesses.

According to the above description, this project mainly conducts data mining based on the following
background:
1. The text information of different emotions will contain different emotion words, and the text



information of the same emotion will contain many words of the same emotion. It is difficult for

different institutions to obtain key emotional words of different emotions only from text information.

2. After we obtain a large amount of text information, it is difficult for institutions to directly obtain

the emotional tendency of the text information.

3. For different language text information, different methods are needed to process the text and

analyze the sentiment of the text.

4.2 Data understanding

In the data understanding stage, we first need to collect the initial data sources, and then do a
preliminary analysis of the data, including identifying data quality problems, and obtaining a
preliminary understanding of the data, implicit information, and its assumptions and feelings

through basic observations of the data. Interested data subset [50].

4.2.1 Preliminary analysis of the data set

The source of the data set was introduced in 2.2, so this section will initially analyze the data set.
1. Twitter data set

The data set has only one csv file. The CSV file contains a total of 6 fields, which are the sentiment
polarity of the tweet, the id of the tweet, the date of the tweet, the flag, the id of the user, and the
text of the tweet. This project mainly uses the first and last columns, namely the emotional polarity
of the tweet and the text of the tweet. For this data set, it mainly analyzes the polarity of Twitter text.
In this dataset, tweet texts mainly have two polarities, negative (0) and positive (4). For example,
the negative "Im heartbroken", the positive "have a great time in rio".

The data set mainly contains six attributes, as shown in the following Table 2 .

Fields Data type | Description

target number The polarity of the tweet (negative:0, positive:4)

id integer The id of tweet

date string The date of the tweet

flag string The query. If there is no query, then this value is NO_QUERY.
user string The user that tweeted.

text string The text of the tweet.

Table 2 Fields in the Twitter data set



Some negative emotional tweets are shown in the Figure 11.

0 1467810672 Mon Apr 06 22:19:49 PDT 2009 NO_QUERY  scotthamilton is upset that he can't update his Facebook by texting it... and might cry as a result School today also. Blah!
0 1467810917 Mon Apr 06 22:19:53 PDT 2009 NO_QUERY mattycus ‘@Kenichan | dived many times for the ball. Managed to save 50% The rest go out of bounds

0 1467811184 Mon Apr 06 22:19:57 PDT 2009 NO_QUERY ENeCTF my whole body feels itchy and like its on fire

0 1467811193 Mon Apr 06 22:19:57 PDT 2009 NO_QUERY Karoli ‘@nationwideclass no, it's not behaving at all. i'm mad. why am i here? because | can't see you all over there.
0 1467811372 Mon Apr 06 22:20:00 PDT 2009 NO_QUERY joy_wolf @Kwesidei not the whole crew

0 1467811592 Mon Apr 06 22:20:03 PDT 2009 NO_QUERY mybirch Need a hug

0 1467811594 Mon Apr 06 22:20:03 PDT 2009 NO_QUERY coZZ @LOLTrish hey long time no see! Yes.. Rains a bit ,only a bit LOL , I'm fine thanks , how's you 7

Figure 11 Negative emotional tweets

Some positive tweets are shown in the Figure 12

4 1573112204 Mon Apr 20 23:46:09 PDT 2009 NO_QUERY jpadamson @Anshin D'aw. Awesome though.

4 1573112205 Mon Apr 20 23:46:11 PDT 2009 NO_QUERY Brunap And Beirut is a great band, @leonmaia

4 1573112232 Mon Apr 20 23:46:00 PDT 2009 NO_QUERY  Kein2 My very first astrophoto http://www.Klein2.de/index.php?p=70

4 1573112282 Mon Apr 20 23:46:10 PDT 2009 NO_QUERY  LaylaElayyadi @Columbus_Short Lol | see you trying to help the cause as well.Goodluck. | donated in behalf of both of yal.

4 1573112286 Mon Apr 20 23:46:10 PDT 2009 NO_QUERY brookehaskins  @Dutchrudder All good headache nearly gone loved the pic of ur little one cleaning the windows! What's it like in notts today?
4 1573112300 Mon Apr 20 23:46:10 PDT 2009 NO_QUERY  ashley_k8 might be regretting starting this......hopefully i convince people to get on

Figure 12 Positive tweets

In fact, we just need the first and last columns, so the first and last columns of the data need to be
extracted, and then the text in the Twitter text needs to be preprocessed. Because the data set is not
divided into training set, test set, and validation set. Therefore, the data set needs to be divided at a
ratio of 8:1:1.

2. IMDB data set

This data set is a movie review data set, which contains two folders, train and test. The train folder
is mainly used for movie reviews for training, and two folders, neg and pos, need to be used. Neg
contains all the negative comments, which contains 12,500 txt files, and each txt file contains a
negative comment. The same pos contains all the positive comments, which contains 12,500 txt
files, and each txt file contains a positive comment. The Test folder is mainly used for testing movie
reviews, and its structure is the same as the train folder.

For the IMDB data set, it is necessary to match the movie reviews in the data set with their polarities.
Each review in train and pos needs to be placed in the same csv file, and each review is given a
polarity label. Pos is marked as 1, and neg is marked as 0. Therefore, the csv file should contain two
columns, one column is polarity label, and the other column is movie reviews.

The processed data set contains 2 attributes, as is shown Table 3.

Fields Data type | Description

target number The polarity of the tweet (negative:0, positive:1)

comment | string The movie reviews.
Table 3 Fields in the IMDB data set

One negative comment is as follows.

Story of a man who has unnatural feelings for a pig. Starts out with a opening scene that is a terrific
example of absurd comedy. A formal orchestra audience is turned into an insane, violent mob by the
crazy chantings of its singers. Unfortunately, it stays absurd the WHOLE time with no general
narrative eventually making it just too off putting. Even those from the era should be turned off. The
cryptic dialogue would make Shakespeare seem easy to a third grader. On a technical level it's better



than you might think with some good cinematography by future great Vilmos Zsigmond. Future
stars Sally Kirkland and Frederic Forrest can be seen briefly.

A positive comment is as follows.

Although this was obviously a low-budget production, the performances and the songs in this movie
are worth seeing. One of Walken's few musical roles to date. (He is a marvelous dancer and singer
and he demonstrates his acrobatic skills as well - watch for the cartwheel!) Also starring Jason

Connery. A great children's story and very likable characters.

3. Weibo data set

The data set has 360,000 pieces of data, including 4 kinds of emotions: joy, anger, disgust, and
depression. Among them, there are about 200,000 pieces of joy, and 50,000 pieces each of anger,
disgust and depression. The data set also only contains a csv file, and also needs to be divided into
training set, test set and validation set according to the ratio of §:1:1.

The data set contains two attributes, as is shown in Table 4.

Fields Data type | Description

label number The polarity of the tweet (joy:0, angry:1, disgust:2, depression:3)

Weibo | string The text of Weibo.
Table 4 Fields in the Weibo data set

An emotionally positive Weibo.

KA T oIZM,. (So cute, so cute)

An angry Weibo.
iz 7 —PMERHIEHEALRNTE B~ ~ ~(1 did not feel full after eating a huge pie~~~)

A disgust Weibo.
FERTENRAK. (Isaid it was very stressed)

A depressing Weibo.
B BEE, JRIRT I~ ~Fa R 7 # T 2 #~ ~( Faint, chaotic~ ~My world is full of paste~~)

From the above example, we can see that the first two data sets and the third data set are different

languages. At the same time, the tweets in the first data set are mostly shorter English sentences,
while the second data set are mostly longer English sentences.

4.2.2 Data quality

First, the completeness of the data set is analyzed. Through the traversal of the three data sets, it is
found that the integrity of the data set is high, and there is no data with null values.

Then, I made basic observations on the data set and found that on social media such as Twitter and



WeiBo, people are more casual when expressing their emotions and thoughts, do not pay special
attention to language norms, and use some abbreviations and some special symbols. For example,
in the Twitter data set "hope your ok." As a non-indigenous Chinese, he is not very clear about some
colloquial expressions, such as "Is not going to sleep tonite." It is known that tonite is tonight by
checking the information. In the same WeiBo data set, "2 £¢//\i¢ 0.0"("Suspense Novel 0.0™), "0.0"
may be an emoji, "AER RI!INE HIHEE & (It's so pretty! We're Shooting a commercial.) The
translation may be more grammatical, but in fact, from the Chinese point of view, this sentence uses
a lot of spaces, and the expression is more colloquial. At the same time, it is worth noting that the
text content of tags 2 and 3 in the WeiBo dataset, that is, disgust and depression, are the same, so
the dataset has only 3 emotion types instead of the 4 types of emotion described in the dataset
introduction. Therefore, the subsequent preprocessing stage is very important.

4.3 Data preprocessing

The data preprocessing stage covers all the activities used to construct the final data set from the
original data, and the final data set will be used as the input or sample data of the data mining model
[50]. Each task in the data preprocessing stage may need to be executed repeatedly. As mentioned
in the previous chapter, the order in which these tasks are executed is not fixed. In this stage, we
need to select the attributes of the data set, and at the same time, we need to clean, transform, and
organize the data set according to our needs and the characteristics of the data. The quality of data
is critical to data mining, and it often affects our prediction results. Therefore, in the process of data

mining, we cannot ignore data preprocessing.

During this stage, we need to process the data. Common processing includes selection of attribute
sets, processing of abnormal data, processing of missing values, data standardization, data type

conversion, etc. We need to process the data appropriately according to our needs.

This project focuses on sentiment analysis of social media, while this project will focus on sentiment
analysis of short texts. The IMDB data sets are mostly long texts and only relevant text information
of movie reviews. Therefore, this project finally chose the Twitter and Weibo datasets for social
media sentiment analysis according to the needs and goals of the project and the actual situation.
The following will introduce the preprocessing work of this project on the two data sets with Twitter
and Weibo.

4.3.1 Twitter data set

From the introduction of the previous data set, we know that the data set contains six attributes, as
is shown in the Figure 13, and we only need the first attribute, which is sentiment polarity, and the
last attribute, which is tweets text. Therefore, these two related attributes in the data set need to be

extracted, as is shown in the Figure 14.



target ids date flag \
1467810369 Mon Apr 06 22:19:45 PDT 2009 NO_QUERY
1467810672 Mon Apr @06 22:19:49 PDT 2009 NO_QUERY
1467810917 Mon Apr 06 22:19: NO_QUERY
1467811184 Mon Apr 06 22:19: NO_QUERY
1467811193 Mon Apr @06 22:19:57 PDT 2009 NO_QUERY

BWNRS
oo

user text
_TheSpecialOne_ @switchfoot http://twitpic.com/2y1zl - Awww, t...
scotthamilton is upset that he can't update his Facebook by ...
mattycus @Kenichan I dived many times for the ball. Man...
ElleCTF my whole body feels itchy and like its on fire

Karoli @nationwideclass no, it's not behaving at all....

BWNRES

Figure 13 Original Twitter data set

@switchfoot http://twitpic.com/2y1z1l - Awww, t...
is upset that he can't update his Facebook by ...
@Kenichan I dived many times for the ball. Man...

my whole body feels itchy and like its on fire
@nationwideclass no, it's not behaving at all....

HBWNHES
oo e

Just woke up. Having no school is the best fee...
ThewWDB.com - Very cool to hear old Walt interv...
Are you ready for your MoJo Makeover? Ask me f...

1599995
1599996
1599997
1599998
1599999

B S

happy #charitytuesday @theNSPCC @SparksCharity...

(1600000 rows x 2 columns]

Figure 14 Two-attribute Twitter data set

After obtaining the tweets text and its polarity, the tweets text needs to be further cleaned. First, we
need to remove the @user mark in tweets. As mentioned earlier, the tweets text contains many
Twitter tags, and these tags are user information on Twitter, because this information is not helpful

for sentiment analysis.

According to the characteristics of the Twitter tag, regular expressions are used to clean up, the
regular expression is "@[\w]*", and the cleaned data set is shown in the Figure 15.

sentence_length text_tidy
0 19 http://twitpic.com/2ylzl - Awww, that's a bu...
1 21 is upset that he can't update his Facebook by ...
2 18 I dived many times for the ball. Managed to ...
3 10 my whole body feels itchy and like its on fire
4 21 no, it's not behaving at all. i'm mad. why a...
1599995 11 Just woke up. Having no school is the best fee...
1599996 11 TheWDB.com - Very cool to hear old Walt interv...
1599997 11 Are you ready for your Molo Makeover? Ask me f...
1599998 12 Happy 38th Birthday to my boo of alll time!!! ...
1599999 5 happy #charitytuesday

Figure 15 Twitter data set after cleaning

The comparison shows that @switchfoot in the first sentence, @Kenichan in the third sentence, and
(@nationwideclass in the fifth sentence have been removed.

At the same time, it can be noticed that there is a link/website in the first sentence, which is not very
helpful for sentiment analysis, so it also needs to be removed. Similarly, according to the
characteristics of the link/URL, regular expressions are used to clean up, the regular expression is
"((http:/H)[™ 1*|(https:/H[™ T*|( www\.)[ ~ 1*)”, the data set after cleaning is shown in the Figure 16.



sentence_length

0 19
1 21
2 18
3 10
4 21
1599995 11
1599996 11
1599997 11
1599998 12
1599999 5

text_tidy

- Awww, that's a bummer. You shoulda got ...

is upset that he can't update his Facebook by ...
I dived many times for the ball. Managed to ...
my whole body feels itchy and like its on fire
no, it's not behaving at all. i'm mad. why a...

Just woke up. Having no school is the best fee.

TheWDB.com - Very cool to hear old Walt interv...

Are you ready for your MoJo Makeover? Ask me f...

Happy 38th Birthday to my boo of alll time!!! ...
happy #charitytuesday

Figure 16 Twitter data set after cleaning

Punctuation marks, numbers and special characters are also meaningless, and these characters also

need to be eliminated. Similarly, use regular expressions to eliminate these characters, the regular

expression is "[*a-zA-Z\']", and the cleaned data set is shown in the Figure 17.

sentence_length

0 19
1 21
2 18
3 10
4 21
1599995 11
1599996 11
1599997 11
1599998 12
1599999 5

text_tidy

Awww that's a bummer You shoulda got ...

is upset that he can't update his Facebook by ...
I dived many times for the ball Managed to ...
my whole body feels itchy and like its on fire
no it's not behaving at all i'm mad why a...

Just woke up Having no school is the best fee...
ThewDB com Very cool to hear old Walt interv...
Are you ready for your MoJo Makeover Ask me f...
Happy th Birthday to my boo of alll time

happy charitytuesday

Figure 17 Twitter data set after cleaning

In addition, some stop words and words with characters less than 3 are meaningless words. The

English stop words used in this project come from the English stop words provided by Harbin

Institute of Technology [51]. The method used is mainly to determine whether the vocabulary in the

sentence is in the stop word list, whether the character of the vocabulary is less than 3, and if it is,

it will be eliminated. The cleaned data set is shown in the figure.

sentence_length

0 19
1 21
2 18
3 10
4 21
1599995 11
1599996 11
1599997 11
1599998 12
1599999 5

(1600000 rows x 4 columns]

text_tidy

Awww bummer shoulda David Carr Day

upset can't update Facebook texting cry result...
dived times ball Managed save rest bounds

body feels itchy fire

behaving mad can't

woke school feeling

TheWDB cool hear Walt interviews

ready MoJo Makeover details

Happy Birthday boo alll time Tupac Amaru Shakur
happy charitytuesday

Figure 18 Twitter data set after cleaning

4.3.2 WeiBo data set

From the introduction of the previous data set, it can be known that the data set contains 2 attributes.

As shown in the Figure 19, the first attribute is the emotion category, and the other attribute is the

Weibo text. Since the data format is only introduced here, the sentence is not translated.



label review

0 0 WIUFNF! BIEMI! AAL! REHEMGFT, WIAHVEEPEHRSRWEIMCER REE AHEN...
1 0 8. BRRAAHNEANT ... PR TUREL.... 06, IRAEND? RANFPEANRIIR, REHRFN. ..

2 o RABR—HIH, #MER! RERMPK?

3 0 @, WD LI .Y EIEREML.ERE R IKPIRE6/N, MARTEDLRH. 2.8, ..

4 0 3KEIW, WHEREVEE! MLBSOTFMBEERNE R RA— T AR T RXE, REHNGE, #hiL...
361739 3 REPATRIHR T o

361740 3 Ath—#,8 BIR M, ERXFMIARN LSHEVARTHRE, BERFEFOERF. . . H...
361741 3 EFEZEIRM

361742 3 ImMI!ER BENY ! B BF! TARTAZAREL ERZ+—BPIRERRFE?ER HFERIRE?. ..
361743 3 TR AR AN ~ JERRMISERENL, HERHOESM! |

[361744 rows x 2 columns]

Figure 19 WeiBo data set

It is worth noting that, as mentioned in the previous data quality analysis, the data set has only three
emotion categories: 0 for joy, 1 for anger, and 2 for disgust. The depressive sentiment text which
the value of label is 3 will not be discussed in the subsequent analysis

Next, we will count the number of microblogs contained in each type of sentiment in the microblog
data set and the number of microblogs contained in the entire data set. The statistical results of the

experiment are shown in the Figure 20.

Number of microblogs (total) : 361744
Number of microblogs (happy) : 199496
Number of microblogs (anger) : 51714
Number of microblogs (disgust) : 55267
Number of microblogs (depression) : 55267

Figure 20 The number of microblogs

Since the above statistical result is added to the number of microblogs in the depression category,
the above statistical result is not too accurate. In fact, the data set contains a total of 306,477
microblogs, of which the number of microblogs in the happy emotion category is 199,469, the
number of microblogs in the angry category is 517,14, and the number of microblogs in the
disgusting emotion category is 55, 267.

In Chinese text processing, word segmentation is a very important preprocessing step [51]. In the
English text, the English text has clear separator spaces to divide words, so the word segmentation
of the English text will be easier. For example, "¥{2—& %4, " (I am a student.) Chinese word
segmentation result is " (1)/-2(am)/—(a)/Z 4 (student)". It can be seen that English texts can
generally be segmented by spaces or other punctuation marks, while Chinese texts need to
understand their meaning to be able to be accurately segmented. In fact, sometimes in Chinese texts
in different contexts, the same sentence may have different participles representing different

meanings.

This project mainly uses the jieba [7] tool for word segmentation. The specific code is as follows:



x_all data = list(map(lambda x: list(filter(lambda x: len(x)>1,
jieba.lcut(x))), all_data['review'].values))

The word segmentation results of the data set are shown in the Figure 21.

[[‘waofof’, ‘®sg', 'SM&', AR, 'B@E', 'RB', ‘B, 'ER', '&@', 'ARE', 'K\EK', 'X0', '£F°, ‘AN, R
1, ['BRRR', 'A#¢', @', '®R', WE', AE', ‘RW, HNERAY, AR, R, 'RE', CHR', ‘RN, WA, R,
‘TR, BR', 'RE', 'FR', 'RME', 'SEAY, '—E', ‘W', @, '-T', 'AX'], ['RE', '—#', 'BR', ‘B, '
makt), (W', 'EFER', 'EE', 'FWmER', HOK', URE', VN, mOA', AWM, S, B, BN, ', RS,
mR', '®F', ‘BE', '10', '20', ‘oS, WK, 'W®F, 'RIX', ‘@', HERE, 'AUAK', 'HRMR', 'ZER', AU, 'X@'],
['sxEWm', 'Why', ‘f&E', 'Hg, '3, 'XAME', 'EE', A, &R, 'RMAY, ', WK, ‘fat, 'XE, ‘@',
MED', CEUH', 'XIE', 'R, ‘A4, ‘@R, 'ME', "B, 'XE']]

Figure 21 The word segmentation results

Since only the content of the word segmentation is displayed, the above results are not translated.
Comparing the content of the review tag in the above Figure 19, it can be seen that the tool has

completed the word segmentation work.

At the same time, it can be found through comparison that some characters were removed during
the word segmentation process. Like the Twitter data set preprocessing, the Weibo data set also
removed meaningless stop words in Chinese and segmentation words that is less than one character.

Chinese stop words also use Chinese stop words provided by Harbin Institute of Technology [51]..

At this point, we have completed the work of data cleaning, the following will further analysis and

modeling of the data set.

4.4 Data analysis

This section will conduct a detailed statistical analysis of the Twitter and WeiBo data sets. In this
process, we will count the number of samples and the number distribution of each type of label. At
the same time, the distribution of sentence length and word frequency will also be analyzed.
Through these analyses, we can obtain the keywords of each emotion, and solve the first goal in the
understanding of business goals, that is, text information of different emotions will contain different
emotion words, and text information of the same emotion will contain many of the same emotion
words. It is difficult for different institutions to obtain key emotional words of different emotions
only from text information. Not only that, but the analysis can also help the gourp judge the
reasonable truncation length of the sentence, which plays a vital role in the construction of the

subsequent model.

4.4.1 Twitter data set

In the first step, we first need to understand the distribution of the number of emotional polarity
labels in the dataset. In this project, the seaborn toolkit is used for statistical analysis, and the

statistical results are shown in the Figure 22.
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Figure 22 The distribution of the number of emotional polarity labels

It can be seen from the figure that 0 represents a tweet with a negative attitude, and 4 represents a
tweet with a positive attitude. The tweets of the two attitudes are evenly distributed, each with
800,000 tweets.

The second step is to analyze the sentence length distribution. The sentence length distribution
diagram is shown in the Figure 23.

Sentence length distribution

i
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The number of occurrences of the length

.
R

Sentence length

Figure 23 The sentence length distribution
From the above analysis, we can see:

1. The length of the sentence is between 1-33, which reflects that the content of the social media
Twitter Tweets is short, and there is no exchange content like other forums, which never ends, and
the length is longer.

2. At the same time, it can be seen from the figure that most sentences are concentrated between the
lengths of 4-27. Therefore, in subsequent experiments, the length of 30 can be considered as a
reasonable truncated alignment length, that is, it will not cause a large number of sentences to be
truncated and lose the main information, and it can effectively avoid too many complementary
features, resulting in excessive model parameters.

The third step is to analyze word frequency.



First, count the 30 most frequent words of negative attitude tweets, as is shown in the Figure 24.
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Figure 24 The 30 most frequent words of negative attitude tweets

The following figure shows the most frequent words in negative comments. The negative emotion
tweets word cloud is shown in the Figure 25
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Figure 25 Negative emotion tweets word cloud
The 30 most frequent words of tweets with positive attitudes are counted, as is shown in the Figure
26.
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Figure 26 The 30 most frequent words of tweets with positive attitudes



The picture below shows the most frequent words in positive comments. The positive emotion
tweets word cloud is shown in the Figure 27
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Figure 27 Positive emotion tweets word cloud
It can be seen from the above word frequency analysis:

1. The number of occurrences of ‘LOL’ in this data set is greater. 'LOL' is a competitive game,
indicating that the collection time of this data set is likely to encounter a major game of the 'LOL'
game, so people discussed the game on Twitter at that time, and it also shows that sentiment analysis
of social media can well grasp people's views on a certain event and social media has a good real-

time nature.

2. From the negative emotion tweets, we can find that 'sad', 'sick’, 'bad', and 'hate' appear more
frequently, indicating that people use some negative vocabulary in a negative attitude, which is also
in line with our cognition. At the same time, it can be noticed that some positive words such as
'good' and 'love' also appear in negative emotion tweets, but it should be noted that there are more
negative words such as 'don’t' and 'can’t' in negative words than the positive attitude and emotion
tweets, so it may be a negative of some positive words. Through the positioning search, it was found
that such collocations as "good morning" and "good luck" lead to more negative emotions with the
word "good". At the same time, many sentences were also found to negate some positive words,

nan

such as "spencer is not a good guy.", "@DonnieWahlberg I hope i can make it to the auburn show.

but its not looking good for me " etc.

3. From positive emotional tweets, we can find that words such as "good", "great", "love", "fun",
etc. appear more frequently, indicating that people use more positive words in a positive attitude,
which is also in line with our perception. At the same time, it can be found that negative words
rarely appear in tweets with positive attitudes, indicating that people rarely negate negative words

to express positive emotions.



4.4.2 Weibo data set

In the first step, we first need to understand the number distribution of sentiment classification labels
in the dataset. The statistical results are shown in the Figure 28.
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Figure 28 Category distribution map

First, the label which the value is 3 should be ignored. At the same time, it can be found that the
number of data labels is not balanced. In order to conduct experiments better, the number of labels
needs to be balanced. Therefore, in the follow-up experiments, 1,000 pieces of data were randomly
selected from each label for related experiments.

The second step is to analyze the sentence length distribution. The sentence length distribution
diagram is shown in the figure below.

Sentence length distribution graph
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Figure 29 The sentence length distribution



As can be seen from the above figure, the length of the sentence is between 0-99, and most sentences
are concentrated in the length of 3-60. Therefore, in subsequent experiments, the length of 60 can
be considered as a reasonable truncated alignment length.

Finally, the word frequency of the three types of sentiment microblogs will be analyzed and counted.
Since the sentiment of Chinese sentiment analysis is mainly reflected by adjectives, the jieba tool

was used for part-of-speech tagging in this project, and the adjectives were extracted for analysis
and statistics.

First, count the 50 words with the highest frequency of occurrence of happy Weibo, as is shown in
the Figure 30.

? irs ERR R R

L3&51:513:::=Ei=i!l'\:5:-‘.i?225 SEIvLANmERESERG EEETLl

Figure 30 Words with the highest frequency of occurrence

The first ten words are "Happiness", "Happy", "Weibo", "Good, "Important", "Success", "Simple",
"Bestll, "Easy"’ "Pretty"‘

The picture below shows the word cloud of this emotion type.

fi

Figure 31 Word Cloud



From the picture, we can also see positive emotion words such as "R K" (happy), "EER" (health),
and "#%=" (congratulations).

Then, count the 50 words with the highest frequency of occurrence of anger Weibo, as is shown in
the Figure 32.
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Figure 32 Words with the highest frequency of occurrence

The first ten words are 'Weibo', 'Happiness', 'Good', 'Horror', 'Serious', 'Shameless', 'Easy', 'Happy',
'Depressed', 'Crazy'. What is more surprising is that there are many positive words in Weibo
classified by angry emotions, but on the whole, there are more negative or neutral words such as

boredom(FCEIl), sadness(FE3R), bad luck({EIE), irritability (JJ1#¢), etc. which rarely appear in happy
emotion Weibo. vocabulary.

The Figure 33 below shows the word cloud of this emotion type.
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Figure 33 Word cloud
In the picture, we can see words that do not appear in happy emotions such as depression (5B}),

horror (7#), boredom (FBN), and sadness (35%<), as well as positive words such as happiness (&
’K) and beauty (E=).



Finally, count the 50 words with the highest frequency of occurrence of anger Weibo, as is shown
in the Figure 34.
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Figure 34 Words with the highest frequency of occurrence
The first ten words are 'Happiness', 'Happy', 'Weibo', 'Easy', 'Hard', 'Horror', 'Good', 'Great', 'Silence’,
'Serious'. The high-frequency words appearing in Weibo with disgust and anger are similar. There

will be words of positive emotions, as well as words of negative emotions.

The Figure 35 below shows the word cloud of this emotion type.

Figure 35 Word cloud
In the picture, we can see words that do not appear in joyful emotions such as hardship (3£7),

trouble (1), regret (3= %), and misfortune (4R3£). At the same time, we can also see some
positive words such as happy (| 4<) and happiness (3£48).



4.4.3 Conclusions

From the above analysis, it can be seen that whether it is Chinese or English social media microblogs,
microblogs with positive attitudes and emotions contain more words with positive attitudes, and
generally do not show words with negative attitudes. For microblogs with negative attitudes and
emotions (including microblogs with angry emotions and disgusting emotions), there are often
words with negative attitudes, and words with positive attitudes appear more often. This is more
surprising to me. I learned through analysis. It may be because mantras or idioms contain more
positive words, and people also use negative positive words to express their negative emotions.

4.5 Model

This stage is mainly based on the previous analysis of business value goals, modeling in the pre-
processed data, and data mining. At this stage, TF-IDF and Bag of Words are mainly used to extract
features and encode the data. At the same time, logistic regression and Bert are used to classify the

corresponding sentiment of the data set.

4.5.1 Data set

This project mainly uses two data sets, which are Twitter and Weibo. At the same time, according
to the previous description, the data sets have been preprocessed accordingly.

4.5.2 Experiment

First, we need to perform feature extraction on the cleaned data set. This project mainly uses two
methods to extract the features of the micro-blog content in the data set, and then vectorize it for
text representation.

The first method is Bag of Words for feature extraction, mainly using the CountVectorizer toolkit
in sklearn in python for feature extraction. The corresponding parameter settings are as follows:

CountVectorizer (max_df=0.90, min_df=2, max_features=1000000, stop_words="english")

After extracting the vocabulary features in the data set, the data set is divided into training set and
test set according to the ratio of 8:2. Then it is necessary to vectorize the obtained features by passing
the training set and the test set.

The second method is TF-IDF for feature extraction, mainly using the TfidfVectorizer toolkit in
sklean in python for feature extraction. The corresponding parameter settings are as follows:
TfidfVectorizer (max_df=0.90, min_df=2, max_features=1000000, stop_words='english")

After the features are also extracted, the proportioned training set and the data set are vectorized by

the acquired features.



Then, after obtaining the vectorized representation, select the corresponding machine learning
algorithm for training and prediction. This project mainly chose logistic regression and naive Bayes

algorithm for training and prediction.

Logistic regression mainly uses the sklearn. linear model. LogisticRegression toolkit in python to
build the algorithm model. Experiment with the default parameters in sklearn, which is
logisticModel = LogisticRegression ().

Naive Bayes also uses the sklearn. naive bayes. MultinomialNB toolkit in python to build the
algorithm model. Use the default parameters of the tool to experiment, that is, nb = MultinomialNB

0

Finally, this project also conducted experiments using the Bert pre-training model. The English data
set mainly uses the wwm_uncased L-24 H-1024 A-16 [52] pre-trained model for experiments. In
order to save time and waste of resources, epoch is set to 5. According to the experimental results,
the best state is often reached in the 2-3 rounds. The Chinese data set mainly uses the
chinese wwm_L-12 H-768 A-12[52]pre-training model for experiments. Similarly, the epoch is
set to 5. According to the experimental results, the best state is often reached in less than 5 rounds.
It is worth noting that Bert has its own set of standards for word segmentation. We only need to
input our sentences and emotional labels in the corresponding format to start training the model and
test data. Unlike the previous data set division, this round of experiments is divided into training set,
validation set, and test set according to 8:1:1.



Chapter 5 Results and discussion

In this chapter, the experimental results will be given and analyzed.

5.1 Results

According to the experimental procedures in the previous chapter, this project uses the accuracy
rate in section 2.6 as the evaluation index. The experimental results are shown in the Table 5. It is
worth noting that due to the large amount of WeiBo data, this project carried out a small sample
experiment with about 4,000 experimental data, and then conducted experiments with about 30,000

experimental data.

Table 5 The experimental results

BOW+ TF-IDF+ BOW+ TF-IDF+ Bert
e
LogisticRegression | LogisticRegression | naive bayes | naive bayes

Twitter 0.7295 0.7576 0.7250 0.7440 0.7829
Weibo

0.2437 0.2675 0.2662 0.2850 0.2950
(4,000)
Weibo

0.4524 0.4879 0.5025 0.5467 0.6047
(30,000)

5.2 Discussion

From the above experimental results, it can be seen that the results of social media sentiment
analysis of Chinese texts are worse than those of English texts. This may mainly come from three
aspects: First, the Chinese text involves word segmentation. By analyzing the results of word
segmentation, it can be seen that the results of some word segmentation are not very consistent with
Chinese grammar. At the same time, there are multiple word segmentation in a sentence. And the
results of different word segmentation express different meanings. Second, the social media
sentiment classification of Chinese text is a three-category problem. At the same time, it can be
learned from the previous analysis that the keywords of disgusting emotion and angry emotion are
relatively similar, so it is relatively difficult to extract their respective characteristics. Third, in the
data set of Chinese text, the sentiment analysis classification is incorrect, and there are texts that are
difficult to be classified as definite sentiment classification. Therefore, the results of sentiment

analysis of Chinese text social media are poor.

At the same time, it can also be seen that when using the same method to extract features, Chinese
text is more suitable for sentiment classification using Naive Bayesian algorithm, while English text
is more suitable for sentiment classification using logistic regression algorithm. It can also be seen
that Bert can indeed extract the features in the data better, thus showing the best accuracy on all data

sets.



Finally, through the comparative experiment of the data volume of the Chinese data set, it can be
seen that any algorithm needs more data to achieve better results and performance. Therefore, when
performing data analysis, not only the quality of the data needs to be paid attention to, but also the
quantity of the data.



Chapter 6 Conclusions and recommendations

6.1 Conclusions

This project carried out sentiment analysis on Twitter and Weibo according to the CRISP-DM
method and solved the three goals of this project at the same time.

First of all, this project cleaned up the data set. In this work, it was discovered that sentiment analysis

of Chinese texts and sentiment analysis of English texts are very different in word segmentation.

Then, through statistical analysis of the data set, the emotional words often used by different
emotional tendencies were obtained. At the same time, it was unexpectedly discovered that people

frequently use positive emotional tendencies in negative emotions.

Finally, through modeling, the sentiment analysis and classification of the data set is completed. At
the same time, according to the experimental results, it is found that when Chinese text sentiment

analysis and English sentiment analysis use the same features, different algorithms should be used.

6.2 Recommendations

Although this project has been completed, there are still many areas for improvement in this project.

Although Bert's performance in social media sentiment analysis is relatively good, the training time
is particularly long. Because of the many parameters, it takes a long, long time to train. Therefore,
in future work, can the model be modified to reduce the training time?

Secondly, it can be seen that the effect of social media sentiment analysis of Chinese text is not
satisfactory, whether it is possible to use more complex and deeper neural networks to extract the
more features of Chinese text, so as to improve the effect of social media sentiment analysis of

Chinese text.



Chapter 7 Reflection

Just like an old Chinese saying, the sun and the moon fly by, and time flies like an arrow, which
means that time passes very quickly. This project is nearing its end. Through this project, I have

learned a lot and have a deeper understanding of data mining related knowledge.

From the day when the topic was released, [ was very excited to choose Professor Nik Whitehead's
topic on social media sentiment analysis. Because this topic is very attractive to me, I think the topic
is very interesting. First of all, the content of social media is very rich. We can almost get people's
views and comments on any things or articles that we want to know, and analyze the text information
published by people, so that I can better understand people's views and thoughts. Secondly, the
amount of information on social media is huge. I get what I want from the massive amount of
information and perform sentiment analysis. This topic is very challenging and can also improve
my ability and understanding of knowledge. Finally, sentiment analysis on social media is also of
great commercial and practical value. Different types of text data can be selected for sentiment
analysis for different needs. Social media allows us to obtain almost any required data. And social
media has classified different text data according to the relevance of events or things, we can obtain
them according to the needs easily. After the data is obtained, the sentiment classification can be
used to understand people's opinions and emotions. This is very important, because people's
opinions and emotions can often affect the development of things, such as the subsequent purchases
of goods, policy changes, and subsequent movie box office. Therefore, when I saw the topic

selection, I did not hesitate to choose social media sentiment analysis.

After identifying the topic, I started to read a lot of papers, and then found that sentiment analysis
is a very complex topic. It includes sentiment analysis of long texts, sentiment analysis of short texts,
explicit sentiment analysis and implicit sentiment analysis. Then I started to read about the related
technologies of sentiment analysis, and finally chose to use machine learning and deep learning to

experiment.

After writing a literature review and communicating with my supervisor, I started my data analysis
and experiments. During the data analysis, the experiment progressed relatively smoothly, but later
my server failed and the experiment could not be performed, and the experiment results could not
be obtained for a long time. I am very grateful to my mentor, because when she learned that I did
not get the results of the experiment in the later communication, she analyzed my project for me
every time, and at the same time, he continued to encourage me. Therefore, in the later group

meeting, I was not too satisfied with my own performance.

At the same time, in the later exchanges and discussions, I fine-tuned the goal of this topic, only to
perform sentiment analysis on short texts in social media, so in the end only two data sets of Twitter
and Weibo were selected for experimentation, and the sentiment of IMDB long texts was removed
from my project. I am very grateful to my supervisor for his understanding and help, and constantly

revising every part of the paper I submitted.



In the process of completing the project, in addition to server failures, I also encountered many
problems with writing papers and implementing experimental codes. For the thesis writing problem,
my supervisor gave me the greatest help and support, and smoothly solved my problems in the thesis
writing process. Problems related to the experimental code were successfully solved by reading the
information and checking the blog. Although there were many difficulties in the process of
completing the project, my ability has been greatly improved.

In the end, with the help and encouragement of my mentor, I completed the project relatively
smoothly. In this project, I completed the cleaning of the two data sets of Twitter and WeiBo. At the
same time, I extracted the keywords of different emotional text information. At the same time, I
modeled the emotional analysis of social media, which can effectively analyze the social media text
and effectively classify the emotional tendency of social media information texts. At the same time,
due to the selection of data sets in two different languages, the differences in the emotional analysis
process of social media in two different languages are also compared.

Although I have completed this project, I think I can do better. First of all, in project analysis and
goals, I can narrow down the scope of the goal and only conduct sentiment analysis for a certain
type of social media topic, instead of analyzing the entire Twitter and WeiBo data, so that the
problem has a small entry point, and the subsequent experimental settings may not require too much

computing power.

Then due to the narrowing of the scope, the reduction of the amount of data, and the reduction of
the time and computing power of the experiment, it may be possible to select more models for
experimentation, and thus it is possible to select more suitable models for data sets in different

languages. So as to better demonstrate the third goal of this project.
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