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Abstract

Tweet sentiment analysis has been an effective and valuable technique in

the sentiment analysis domain. As the most widely used approach for tweet

sentiment analysis, machine learning algorithms work well on the sentiment

classification, just as they have been successfully applied for many other pur-

poses. In this thesis, we conduct a systematic and thorough empirical study

on the machine learning algorithms for tweet sentiment analysis, and expect

to provide a guideline for applying machine learning algorithms for tweet

sentiment analysis. Based on our experiments, we found that the Support

Vector Machine (SVM) and the Random Forest (RF) work better than Max-

imum Entropy (MaxEnt), Adaptive Boosting (AdaBoost) and Naive Bayes

on tweet sentiment analysis. For the pre-processing methods, stop words

removal can improve the performance of classifiers obviously, and the com-

bination of bi-grams + SentiWordNet + Stop words removal is the most

effective pre-processing method combination in our experiments.

ii



Acknowledgements

First of all, I express my deep sense of gratitude to my supervisor, Dr. Huajie

Zhang, for his advice, guidance, and encouragement in the past three years. I

am extremely grateful that I have the mentor who is patient and kind. I also

want to thank him for helps and the financial support. The things he taught

me are the most valuable asset of my life. I cannot go that well without him.

I would like thank members of the examining board, Dr. Wei Song, Dr.

Weichang Du and Dr. Donglei Du, for their comments and advice. And

thanks go to the advisor of graduate students, Dr. Patricia Evans, for her

help. I also give thanks to Faculty of Computer Science and UNB, for the

financial assistance and the excellent learning environment.

I want to give special thanks to my parents for their encouragement and

support. I cannot finish my master degree without their help. I also wish to

thank my friends, especially Yan Li, for their suggestions and support.

At last, I expect to thank Dr. Leiming Yan and Dr. Xiaobo Liu. Their

advice and guidance are truly valuable and helpful. The contribution of them

has been enormous throughout my graduate study.

iii



Table of Contents

Abstract ii

Acknowledgments iii

Table of Contents vi

List of Tables vii

List of Figures ix

1 Introduction 1

1.1 Sentiment analysis . . . . . . . . . . . . . . . . . . . . . . . . 1

1.2 Twitter & Tweets . . . . . . . . . . . . . . . . . . . . . . . . . 3

1.3 Tweet Sentiment Analysis . . . . . . . . . . . . . . . . . . . . 5

1.4 Machine Learning for Tweet Sentiment Analysis . . . . . . . . 6

1.5 Motivation . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 7

1.6 Thesis Roadmap . . . . . . . . . . . . . . . . . . . . . . . . . 8

2 Related Work 10

2.1 Lexicon-based Approach . . . . . . . . . . . . . . . . . . . . . 11

iv



2.1.1 Lexicon-based Approach for Sentiment Analysis . . . . 11

2.1.2 Lexicon-based Approach for Tweet Sentiment Analysis 16

2.2 Machine Learning Approach . . . . . . . . . . . . . . . . . . . 20

2.2.1 Machine Learning Approach for Sentiment Analysis . . 20

2.2.2 Machine Learning Approach for Tweet Sentiment Anal-

ysis . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 24

3 Experimental Methodology 27

3.1 General Idea . . . . . . . . . . . . . . . . . . . . . . . . . . . . 27

3.2 Machine Learning Algorithms . . . . . . . . . . . . . . . . . . 29

3.2.1 Naive Bayes . . . . . . . . . . . . . . . . . . . . . . . . 29

3.2.2 Random Forest . . . . . . . . . . . . . . . . . . . . . . 31

3.2.3 AdaBoost . . . . . . . . . . . . . . . . . . . . . . . . . 33

3.2.4 SVM . . . . . . . . . . . . . . . . . . . . . . . . . . . 36

3.2.5 Maximum Entropy . . . . . . . . . . . . . . . . . . . 40

3.3 Experimental Setting . . . . . . . . . . . . . . . . . . . . . . . 44

3.3.1 Data Description . . . . . . . . . . . . . . . . . . . . . 44

3.3.2 Experimental Tool and Platform . . . . . . . . . . . . 47

3.3.3 Pre-processing Methods . . . . . . . . . . . . . . . . . 48

3.3.4 Evaluation Metrics . . . . . . . . . . . . . . . . . . . . 50

4 Experimental Results and Analysis 54

5 Conclusions and Future Work 70

v



5.1 Conclusions . . . . . . . . . . . . . . . . . . . . . . . . . . . . 70

5.2 Future Work . . . . . . . . . . . . . . . . . . . . . . . . . . . . 71

Bibliography 73

Vita

vi



List of Tables

3.1 The sentiment distribution of 12 datasets . . . . . . . . . . . . 44

3.2 The details of the experimental computer . . . . . . . . . . . . 48

4.1 Accuracy of 5 Machine Learning Algorithms in 6 Pre-processing

Method Combinations based on 12 Datasets . . . . . . . . . . 56

4.2 The Sample Tweets from Game and GameMultiTweet dataset 65

4.3 F1 Score, Precision, and Recall of Negative in STS-Gold Dataset 66

vii



List of Figures

1.1 What textual information are you analyzing or do you plan to

analyze? . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . 4

2.1 The big picture of sentiment classification techniques . . . . . 10

2.2 Example of analyzing appraisal group “not very happy” . . . . 14

3.1 2D Linear Classification Example . . . . . . . . . . . . . . . . 36

3.2 Larger Margin & Smaller Margin . . . . . . . . . . . . . . . . 37

3.3 Non-linear Classified Case . . . . . . . . . . . . . . . . . . . . 38

3.4 Curve Classifier . . . . . . . . . . . . . . . . . . . . . . . . . . 39

3.5 Not Linearly Separable Problem . . . . . . . . . . . . . . . . . 39

3.6 Transformed Dataset from the Previous One . . . . . . . . . . 40

3.7 The example of 5-fold cross-validation . . . . . . . . . . . . . . 51

4.1 Accuracy of 5 Machine learning Algorithms in “PBSeSt” . . . 61

4.2 Accuracy of 5 Machine learning Algorithms in “PBSt” . . . . 62

4.3 Accuracy of 5 Machine learning Algorithms in “BSeSt” . . . . 62

4.4 Accuracy of 5 Machine learning Algorithms in “PSt” . . . . . 63

4.5 Accuracy of 5 Machine learning Algorithms in “St” . . . . . . 63

viii



4.6 Accuracy of 5 Machine learning Algorithms in “None” . . . . 64

4.7 Accuracy of SVM in 6 Pre-processing Combinations Based on

12 Datasets . . . . . . . . . . . . . . . . . . . . . . . . . . . . 68

ix



Chapter 1

Introduction

Numerous Internet users participate in discussing various aspects of life every

day. It is useful and important to understand and research what people think.

Therefore, effective techniques that can automatically extract opinions and

analyze sentiment from texts are really needed in many applications.

1.1 Sentiment analysis

The developments in application of the Internet have immensely advanced

in recent years. As a result, there is tons of information on various websites,

which is waiting for mining and extracting. However, the original texts are

obscure or anachronistic, although analyzing is certainly needed in order to

find valuable information from sheer volume of texts.

Sentiment analysis is called opinion mining as well, as the name implies.
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This technique aims at analyzing people’s opinions, attitudes and emotions

based on source materials [20]. It is a difficult but useful task. People need

opinions as references to direct their behaviors, and the value of opinions re-

flect the importance of sentiment analysis. For example, software companies

or some factories would like to collect users’ opinions about their products.

They can get these opinions through analyzing tweets that are talking about

their products on Twitter. If most of the users give negative comments, they

may stop their further update, or develop in the opposite way.

With the significant increase of social media, more and more people and

companies pay attention to the information in reviews, forum discussions and

social networks, and use opinions in these media if they need to make deci-

sions. However, extracting and analyzing opinions from texts is a challenge.

Users in social media use different languages and have different cultures. So

they have their own judgment standards. Moreover, while an opinion word

means positive in some contexts, it may be considered negative in differ-

ent context. In order to overcome these challenges and limitations, effective

approaches, such as methods, models, and systems, for accurate sentiment

analysis system will be needed.

Notice that analyzing sentiment of texts is related to, but way more

difficult than analyzing the topic of a text. The latter is also called text clas-

sification. It decides what topic a text talks about, such as hockey, political

news, etc. In text classification, separate words are the strong indicators to

the topic of a given text, while a word in sentimental analysis could mean
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different opinions in different contexts. Moreover, sentiments analysis is a re-

search topic that is related to several different research areas, such as machine

learning, statistics, linguistics, psychology, etc.

1.2 Twitter & Tweets

In recent years, many people have been using websites to post their feelings

and sentiments. Their purpose is to share opinions on different topics and

discuss current issues [28]. Therefore, the micro-blogging service has become

a popular social networking tool among Internet users. The following graph

(Figure 1.1) is from Alta Plana’s Text Analytics 2014 research study [13],

in which 216 respondents were surveyed based on 962 textual information

sources. Obviously, blogs (long form + micro) are the top interested infor-

mation sources of those categories. More and more companies and researchers

have noticed the value of social network sources, and they have already been

applying them.

Twitter, one of the most widely used micro-blogging platform nowadays,

was launched in 2006. In nearly one decade, people have been using Twitter

to communicate, to upload messages about their opinions and feelings. For

example, when a student received a dream job offer, there is a high probabil-

ity that the student might post some text with positive words which could

express the good emotion. On Twitter, there are more than 330 million ac-
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tive users, who generate over 500 million tweets per day 1. Thus there is

a great amount of valuable information hidden behind Twitter. Such infor-

mation can be used for various industrial applications and research, such as

marketing, social studies, etc.

Figure 1.1: What textual information are you analyzing or do you plan to
analyze?

The messages, which are sent and read by users on Twitter, are called

tweets. Tweets are short and real time with maximum 140 words. So there

is no way to write all of the details to express one’s feeling or present fully

events from daily life. In order to contain as much information as possible,

people often make spelling mistakes intentionally and use some manually

created words, acronyms, emoticons; and some other characters to express

special meaning. Furthermore, users of Twitter use the “@” symbol to refer

1https://zh.wikipedia.org/wiki/Twitter
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to other users. Referring to other users in this manner automatically alerts

them. Users usually use hash tags to mark topics. This is primarily done to

increase the visibility of their tweets.

1.3 Tweet Sentiment Analysis

The increase of user-generated tweets has produced a wealth of messages.

However, although there is a lot of useful information hidden in tweets, peo-

ple cannot analyze them by hands because of the huge volume (500 million

per day)2. Therefore, tweets sentiment analysis, an effective and valuable

technique, is needed to analyze and evaluate the sentiment information on

tweets automatically.

For tweet sentiment analysis, there are two main research tasks that

can be implemented. First, one task aims to direct people for finding new

analysis methods based on data and relationships of Twitter. Another one

is concerned on training several models using specific tweet features [34]. As

we know, common sentiment analysis is focused on some particular areas,

such as political comments, product experience and movie reviews. Thus the

second task has been studied and used more often. But sentiment analysis

over tweets has some new and unique challenges that are caused by short and

messy texts of tweets. The content length limitation and abnormal structures

are the primary problem for solving.

2https://zh.wikipedia.org/wiki/Twitter
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Typically, in the process of tweet sentiment analysis, a classifier is es-

sential, which can analyze and classify tweets into several classes. Positive,

negative and neutral are the three common classes for tweet classification.

In general, there are different approaches to build a sentiment classifier, such

as semantic analysis, machine learning, lexicon-based classifiers, and so on.

In addition, the machine learning approach is the most popular and widely

used approach in various applications in recent years.

1.4 Machine Learning for Tweet Sentiment

Analysis

Machine learning, as one part of artificial intelligence, contains many al-

gorithms that aim at examining and evaluating machine behaviors. When

machine learning methods are used, features are often captured and analyzed.

Then a model is built from some data (training data) using the extracted

features. The reason of using machine learning is that machine learning tech-

niques outperform humans, in the sense that humans cannot handle a large

volume of data. The performance and results of a machine learning model

usually depend on the quality of the training data or databases. Overall,

the major goal of machine learning is to identify complex structures and

make intelligent decisions automatically [14]. Machine learning algorithms

are a widely used and efficient classification tool for a variety of real world

applications. There are a large number of different types of machine learn-
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ing algorithms, some of which have been more often used in the domain of

sentiment classifiers, such as Naive Bayes, Support Vector Machine (SVM),

Decision Trees and so on.

In addition to machine learning algorithms, feature selection and pre-

processing also play important roles in tweet sentiment analysis because of

the non-structured and subjective messages in Twitter. A variety of feature

selection methods and pre-processing methods are often used, which lead to

different performance of the classifiers. Seeking for the best combination of

learning algorithm, feature extracting method and pre-processing method is

a challenge for applying machine learning to tweet sentiment classification.

From the previous work, researchers have tried to experiment for improv-

ing performance of feature extraction or comparing different pre-processing

techniques based on machine learning classifiers.

1.5 Motivation

There are many researchers working on sentiment analysis: some of them

focus on increasing accuracy of classifiers, some of them work on difference

between classifiers, and some of them research on new pre-processing meth-

ods that can significantly affect the performance of classifiers. However, most

research works are on general normal texts, such as product reviews, com-

ments on news, movie reviews, instead on short and messy texts, like tweets.

Recently, there has been some research on tweet sentiment analysis from the
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machine learning approach. A variety of machine learning algorithms have

been studied for this purpose.

However, there is a lack of a systematic study on the machine learn-

ing methods for tweet sentiment analysis. The motivation of this thesis is

that we would like to conduct a systematic and thorough empirical study

on the machine learning algorithms for tweet sentiment analysis, and expect

to provide a guideline for applying machine learning algorithms for tweet

sentiment analysis. For this topic, we will choose different data sets, use

some different pre-processing methods and evaluate in different evaluation

methods. Because of a variety of combinations, we will give a systematic

study and experimental research to demonstrate the performance of various

machine learning algorithms from different angles in the scenario of tweet

sentiment analysis.

1.6 Thesis Roadmap

The remainder of this thesis is organized as follows.

After the introduction of sentiment analysis on tweets, Chapter 2 in-

troduces the related work on sentiment analysis, including semantic analysis

methods and machine learning methods for general sentiment analysis, and

then semantic analysis and machine learning methods for tweets sentiment

analysis specifically.

Chapter 3 conducts an empirical study on machine learning algorithms

8



for tweets sentiment analysis. After introducing the general idea, five ma-

chine learning algorithms: Naive Bayes (NB), Support Vector Machine (SVM),

Maximum Entropy, Random Forest, and Adaptive Boosting, which are stud-

ied in our empirical study, are presented. Furthermore, this chapter also gives

the experimented setting, such as the description of data sets, a programming

platform, pre-processing methods and evaluation metrics.

In Chapter 4, five machine learning algorithms are applied on several

data sets. The experimented results are presented and analyzed using four

evaluation metrics.

Finally, a conclusion is drawn in Chapter 5. In addition, we discuss the

work that can be extended in the future, and summarize some contributions

of this thesis.

9



Chapter 2

Related Work

Researchers have been working on different aspects of sentiment analysis

and proposed a variety of algorithms and techniques. Generally, there are

two approaches for sentiment analysis: the lexicon-based approach and the

machine learning approach, as shown in Figure 2.1 [45]. Notice that each of

them can be applied at different levels: document-level, sentence-level and

phrase-level [23].

Figure 2.1: The big picture of sentiment classification techniques
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2.1 Lexicon-based Approach

For the lexicon-based approach, as the name implies, sentiment lexicon is

the main source in the process of sentiment analysis, such as collections of

sentiment phrases or dictionaries of sentiment words. Actually, lexicon-based

methods are divided into two classes, which are dictionary-based and corpus-

based [37]. Dictionary-based methods mainly rely on dictionaries which are

collected and annotated for sets of common opinion terms. A good example

for this approach is SentiWordNet [1]. Although it is a reliable solution for

sentiment analysis, there are some limitations when dealing with different

domains or analyzing contexts. On the other hand, corpus-based methods

are also based on dictionaries, but these dictionaries contain related opinion

terms or phases for specific fields. In addition, for generating dictionaries,

statistical and semantic techniques are often used [37].

2.1.1 Lexicon-based Approach for Sentiment Analysis

For the task of general sentiment analysis, which determines the sentiment

of a given text, such as a movie review or a product review, a variety of

lexicon-based methods have been proposed.

Turney [40] provided a general algorithm to analyze online reviews sim-

ply as recommended (thumbs up) or not recommended (thumbs down). The

average semantic orientation had been used as a tool to classify opinions from

adjective or adverb phases of reviews. For calculating semantic orientation,

11



Point-wise Mutual Information (PMI) and Information Retrieval (IR) were

the two main methods to measure reference words that represent “good”

or “bad”. By observing results from 410 reviews in different domains, the

system got 84% accuracy from bank and automobile datasets, and obtained

66% accuracy from movie review datasets. Obviously, classifying movie re-

view data was more difficult and complex for the system. As a result, the

method was not adaptive for figuring the semantic orientation.

Sentiment analysis is a technique that can be applied in different areas.

Many researchers have paid specially attention to product reviews due to the

urgent demand from industrial applications. Liu et al. [21] concentrated on

analyzing features of customer reviews. The opinion summarization system

in their works aimed to extract features and identify opinion orientation fre-

quent noun phrases, because they considered these phrases could be potential

product features. In the process of extracting features, firstly, the speech of

each word was determined by using part-of-speech tagging technique from

natural language processing (NLP). Then association mining was used to

extract explicit product features, and frequent nouns were extracted. They

then removed useless nouns using pruning. All adjectives that are close to

product names and positive or negative opinion words were also treated as

effective features. In addition, opinion words were settled by WordNet [24]

and bootstrapping methods. Finally, all “hot” features were summarized and

identified into two categories: positive and negative. This method showed a

highly effective performance in their final experimental results.

12



Popescu et al. [31] proposed an improved method based on the extraction

method of Liu et al. [21]. Relaxation labeling methods were used for finding

out the semantic orientations of opinion words. Instead of extracting frequent

noun phrases, each noun phrase was evaluated to get a PMI score. The

candidate phrases, which got low PMI scores, were excluded from the noun

phrases list. Actually, some improvements were obtained shown in their

results.

When the traditional feature extraction is considered ineffective, some

other approaches would be considered. AutoSlog, an interesting extraction

pattern learner, was firstly proposed by Riloff [32]. However, AutoSlog was

not the only approach that was adopted in sentiment analysis. Conditional

Random Fields (CRFs) was presented in the research work of Lafferty et

al. [19], which identifies sources as a sequence tagging task. Choi et al. [4]

combined these two techniques into a hybrid approach, while CRFs focused

on the tagging task and AutoSlog concentrated on the pattern extraction

task. Their results showed that performance of the combination was more

effective than either one alone.

Opinion words or phrases lexicons are usually built first in a lot of sen-

timent analysis researches which used lexicon-based approaches. Extracting

appraisal groups to draw up a lexicon list was a new method which was pre-

sented by Whitelaw et al. [42]. “An appraisal group (in English) comprises

a head adjective with defined attitude type, with an optional preceding list

of appraisal modifiers, each denoting a transformation of one or more ap-

13



praisal attributes of the head” [42]. For example, “not that bad” and “so

good” are both features in the appraisal group. Figure 2.2 shows an example

of appraisal groups [42]. Note that appraisal groups are really similar to

N-Gram (an effective technique in computational linguistics and probabil-

ity). Their experimental results showed that the proposed method obtained

high performance of sentiment classification after extracting 1329 appraisal

groups.

Figure 2.2: Example of analyzing appraisal group “not very happy”

As we know, different words may have different meanings in different do-

mains, but each word or phrase is only annotated one polarity in a lexicon.

Therefore, Wilson et al. [44] called the annotated polarity “prior polarity”,

and they provided a method to automatically discriminate “prior polarity”.

14



Based on previous researches and dictionaries, the authors also added more

polarities. The list contained 33.1% positive, 59.7% negative, and 6.9% neu-

tral of 8000 clues [44]. Thirty-eight features were developed to improve ac-

curacy, such as structure features, word features and modification features,

and so on. Finally, the proposed method leaded to a good performance that

was shown in their experimental results.

Kim et al. [17] presented a system to analyze sentiments using the re-

lationship between topics and texts. In their work, each topic had a tag:

explicit or implicit. For example, “Junk Food is bad for health” is explicit,

and “People should avoid to use plastic products” is implicit. They extracted

each useful features from topics (not subtopics) and texts in different sen-

tences, and divided these sentences into adjectives, verbs and nouns using

POS tagging and WordNet. Then adjective, verb and noun sentiment clas-

sifiers were employed to analyze sentiment of each sentence. Unfortunately,

neutral and weak sentiment sentences and sentences with multiple opinions

about topics were still a challenge to their work.

Eguchi et al. [7] also applied topic-based sentiment analysis. Their

method relied on sentiment expressions about topics. There were two rele-

vance models in their work: one was for sentiments and the other was for

topics. In addition, features of each sentence were extracted into a state-

ment that included topic feature words and sentiment feature words. As a

result, annotating topic words, polarities of the sentiment words and annotat-

ing sentiment words were trained together through a comprehensive model.

15



This proposed method performed better than the method of Kim et al. [17]

according to their experimental results.

2.1.2 Lexicon-based Approach for Tweet Sentiment Anal-

ysis

Although many researchers tend to choose the machine learning approach

in sentiment analysis, the lexicon-based approach, however, still plays a

big role in the sentiment analysis of Twitter. As we discussed in Section

2.1.1, features and resources, such as automatic part-of-speech tags and sen-

timent lexicons, have proved useful in sentiment analysis for the applications,

such as product reviews. Are they also useful for tweet sentiment analysis?

Kouloumpis et al. [18] focused on researching and answering this question. In

addition to this question, another problem was the huge breadth of tweets’

topics. Specifically for this problem, the authors proposed using Twitter

hash-tags that identified topics quickly. Then they investigated and com-

pared four features: n-gram features, lexicon features, part-of-speech features

and micro-blogging features based on polarity sources in the MPQA subjec-

tivity lexicon that was firstly listed by Wilson et al. [44]. What they found

are: for tweet sentiment analysis, micro-blogging features were most useful,

and part-of-speech features were not clearly helpful.

Zhang et al. [47] aimed at combining the lexicon-based approach with

learning-based methods for Twitter sentiment analysis. For the lexicon-based

16



method, there are three parts: sentence type detection, coreference resolu-

tion and opinion lexicon. Declarative sentences, imperative sentences and

interrogative sentences are the three main types of tweet sentences. Declar-

ative sentences and imperative sentences usually contain opinion features,

but interrogative sentences do not. Therefore, sentence type detection, a

process of identifying and removing interrogative sentences from tweet data,

would be needed. Coreference resolution is a useful technique for tweet sen-

timent analysis. For example, “I had a girlfriend. She is beautiful.” In the

second sentence, coreference resolution can figure out that “she” refers to

“girlfriend”. The authors not only relied opinion lexicons from others, but

also manually added many useful opinion hash-tags into the lexicon. Their

experiments showed that the combination of the methods is effective and

promising.

Semantic method is a part of corpus-based approach. Saif et al. [34]

worked on semantic sentiment analysis of Twitter. For sentiment analysis,

their approach was adding semantic features into the training set. For exam-

ple, a tweet is “The new Mazda 3 is awesome!”. They might add a semantic

concept “Mazda car” as a new feature for the extracted entity “Mazda 3”,

and measured the polarity of the additional feature. Furthermore, they also

compared the semantic approach and the sentiment-bearing topic analysis ap-

proach. The results showed that the semantic approach could increase both

F1 score of positive sentiment and negative sentiment. In the comparison,

the semantic approach got better recall and F1 scores in negative sentiment

17



classification and better precision in positive sentiment classification.

There are a number of existing lexicons for sentiment analysis, such

as Affective Norms for English Words (ANEW) [2], SentiWordNet [1] and

Opinion Finder [43]. Specifically, for the purpose of sentiment analysis, re-

searchers have been working on constructing new word lists. Nielsen [27]

created a new word list for Twitter sentiment analysis which performed bet-

ter than ANEW. According to tweet characteristics, the author constructed

the new lexicon including opinion words and slangs even obscene words.

Mohammad et al. [25] described two tasks: message-level task for de-

tecting message sentiment and term-level task for detecting sentiment of a

term. For the lexicon-based approach, they not only used manually created

existing lexicons, such as MPQA lexicon that we mentioned before, but also

generated new lexicons that refer to NRC Hashtag Sentiment Lexicon. Fi-

nally, a F1 score of 69.02 and a F1 score of 88.93 were obtained for the

message-level task and term-level task respectively.

Based on the work and approaches of Mohammad et al. [25], Sanchez-

Mirabal et al. [36] not only used Sentiment 140 lexicon and NRC-Hashtag

Sentiment, but also added new features and two new lexicons: NRC Emotion

Lexicon 1.0 and NRC Emotion Lexicon 2.0. For the first new lexicon, they

did not calculate sentiment score and just noticed values of positive and

negative. On the other hand, they calculated positive score (sum of the

values for positive, anticipation, joy, surprise and trust) and negative score

(sum of the values for negative, anger, disgust, fear and sadness) from NRC

18



Emotion Lexicon 2.0. Unfortunately, their system did not perform well as

they expected.

Because tweets are short and messy messages, some researchers discov-

ered that topic sentiment analysis can improve tweet sentiment classification.

Wang et al. [41] considered that hashtags are widely used in tweets for con-

necting to key words or phrases. So hashtag-level sentiment classification

might be better than analyzing polarity of tweet topics directly. Their task

was concentrated on automatically generating and identifying sentiment po-

larity of three types information: sentiment polarity of hashtags, relationship

of hashtags and meaning of hashtags. Even though the experimental results

were good, the proposed method was still defective and complicated.

Canneyt et al. [3] also focused on using topics of tweets to help classi-

fying sentiment, but they actually detected tweets’ topics through analyzing

their relevance. Their approach was totally different from the above method

(Wang et al. [41]), even though they all worked on topic sentiment analysis

in Twitter. For the approach (Canneyt et al. [3]), two classifiers were im-

plemented: one was only for training tweets that had same topic, the other

was for training all types of tweets. Through the experiments, they found

that topic-specific sentiment classifier could truly improve the performance

of Twitter sentiment analysis.
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2.2 Machine Learning Approach

Machine learning is a part of Artificial Intelligence. It includes two main cate-

gories: supervised learning and unsupervised learning [37]. Machine learning

algorithms deal with different tasks to allow computers to learn. Usually,

machine learning algorithms work well on inferring information about the

properties of sets of data. For the task of sentiment analysis, the success of

machine learning also relies on selection and extraction of sentiment features,

which are especially from natural language processing (NLP) techniques.

2.2.1 Machine Learning Approach for Sentiment Anal-

ysis

Different machine learning techniques might be used to handle different sen-

timent classification problems. From the previous work, many researchers

chose machine learning approaches to deal with their tasks of sentiment

analysis. They experimented different machine learning algorithms, such

as Naive Bayes classifier, Support Vector Machine (SVM) classifier, Maxi-

mum Entropy classifier and so on. Because of using different pre-processing

methods and different training data, these classifiers can give different per-

formance.

To our knowledge, Pang et al. [30] were among the first to explore the

overall sentiment analysis of movie reviews focusing on machine-learning ap-

proaches. As a result, their research work (Pang et al. [30]) was widely
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referred in many research papers. One interesting example mentioned in the

paper is, the sentence “How could anyone sit through this movie?” shows

that this person holds an obviously negative review of the movie, even though

the sentence does not contain any word that is obviously negative. The ex-

ample distinguishes the overall sentiment classification and the traditional

topics-based classification. They studied document-level supervised learn-

ing with three different algorithms: Support Vector Machines (SVM), Naive

Bayes(NB), and Maximum Entropy classifiers, using various methods for ex-

tracting features, such as uni-grams and bi-grams, part-of-speech tagging

and term frequency feature weights. They randomly selected 700 positive-

sentiment and 700 negative-sentiment documents as the experimental data.

Through their experiments, SVM worked better than other two algorithms,

and Naive Bayes did the worst. On the other hand, uni-grams was the most

effective feature extracting method in the pre-processing step [30].

Later, Pang and Lee [29] presented an approach based on detecting and

removing the objective parts of documents. They used a novel method to ex-

tract features, called minimum cuts in graphs. The reason of using minimum

cuts in graphs was that they wanted to find the more efficient method to

do the previous work in (Pang et al. [30]). Experimental data contain 1000

positive and 1000 negative movie reviews. The authors’ experiments revealed

that using graph-cut formulation can improve the accuracy of Naive Bayes

and SVM. Therefore, the graph-cut formulation is an effective method for

classification features. Their results also showed an improvement over Naive
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Bayes classifier using the whole text, but only a slight increase compared to

a SVM classifier on the entire document.

Product reviews on websites contains unique attributes and properties.

Dave et al. [5] developed a method that could distinguish product reviews

(positive and negative) automatically. They experimented several machine

learning methods with product reviews, such as Support Vector Machine

(SVM) and Naive Bayes. They mainly used the uni-gram technique to deal

with data, and obtained the results: bi-grams and tri-grams worked better

for the product-review polarity classification.

Yang et al. [46] recognized that feature selection methods are important

in sentiment analysis. So they compared and evaluated several different

selection methods in their research. The key of evaluation was vocabulary

reduction. If a method performs good, vocabulary might decrease more that

means dimensions of feature spaces will be reduced in text categorization.

Five feature selection methods were evaluated: document frequency (DF),

information gain (IG), mutual information (MI), X2-test (CHI), and term

strength (TS). According to their experiments, IG and CHI were the most

effective, and DF performed similar to IG. TS was found that it was not

good at higher vocabulary reduction levels, even though it leaded to up 50%

vocabulary reduction. MI performed poor finally. In addition, a machine

learning method: k-nearest-neighborhood (kNN) was used with Linear Least

Squares Fit (LLSF) mapping. The motivation of using both methods was

using both of them could reduce the possibility of classifier bias.
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Rogati and Yang [33] further investigated feature selection methods.

They evaluated five major feature selection methods: information gain (IG),

mutual information (MI), X2-test (CHI), document frequency (DF) and the

binary version of information gain (IG2), using four widely used classifica-

tion algorithms: : Naive Bayesian (NB), Rocchio-style classifier, k-nearest

neighbor (kNN) and Support Vector Machine (SVM). After all, they found

that CHI had the best performance among five methods.

Although feature selection methods have been highly researched over the

years, Forman [10] still worked on them. He presented an empirical method

to find the best one by comparing twelve feature selection methods. Forman

used a variety of classifiers, including Naive Bayes, C4.5 (an algorithm for

generating a decision tree), logistic regression and Support Vector Machine.

Finally, it turned out that Information Gain (IG) was the best.

In order to automatically deal with noisy customer reviews, Gamon [11]

considered it was necessary to build a system. Before classification, se-

lection and extraction of features were essential. A range of different fea-

ture sets were experimented, from deep linguistic analysis based features to

surface-based features. For deep linguistic analysis features, part-of-speech,

tri-grams, length measures, structure patterns and part-of-speech tags with

semantic relations were all included. Surface-based features were simpler

than deep linguistic analysis features. They just contain n-gram features,

such as uni-grams, bi-grams and tri-grams [23]. The results based on linear

Support Vector Machines showed that deep linguistic analysis features con-
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tributed to better performance for classification accuracy in customer review

analysis.

Nakagawa et al. [26] presented a dependency tree-based method that im-

plemented conditional random fields (CRFs). Japanese and English subjec-

tive sentences were used for sentiment analysis in their experiment, because

subjective sentences contain words important for analyzing sentiment polar-

ities. A hidden variable was an important clue in their method that could

represent the sentiment polarity of each dependency sub-tree in a sentence.

Their results showed that training the model of CRFs with hidden variables

performed better than just using simple bag-of-words.

2.2.2 Machine Learning Approach for Tweet Sentiment

Analysis

By far, the majority of the research work on sentiment analysis from the

machine learning approach was focused on relatively and highly subjective

English normal texts, such as product reviews and movie reviews. On the

other hand, there has been also some research on sentiment analysis of tweets

that are short, messy and multilingualism.

Go et al. [12] presented machine learning algorithms to automatically

classify the sentiment of Twitter messages with distant supervision. In or-

der to prove that pre-processing steps are necessary, they used noisy labels

of Twitter messages like emoticons. After training three machine learning
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algorithms: Naive Bayes, Maximum Entropy and Support Vector Machine,

they found using tweets with emoticons for distant supervised learning was

feasible.

Pak and Paroubek [28] used Twitter API to automatically collect a

Twitter corpus for sentiment analysis. They built a classifier that could

annotate a document in positive, negative and neutral sentiments based on

the multiracial Naive Bayes classifier.

Tan et al. [38] found that user-level sentiment analysis could be improved

if using social relationships. For example, users of Twitter often use “@”

symbol to refer to other users for reasons. Referring to other users in this

manner automatically alerts them. Tan et al. [38] considered that people who

use “@” symbol to connect each other may hold similar opinions. Therefore,

“@” became a valuable feature in their experiments. The result showed that

incorporating link information from Twitter could improve the performance

of sentiment classification significantly based on Support Vector Machine.

Dong et al. [6] introduced Adaptive Recursive Neural Network (AdaRNN),

which is a method to transmit sentiments to target adaptively based on

the context and syntactic relationships for target-dependent Twitter senti-

ment classification. Several different composition functions were contained

in AdaRNN. However, context and linguistic tags would help the system to

choose them. In the experiment, the dependency tree of given tweets was

converted for the interested target. Then AdaRNN could learn to transmit

which sentiment of words to a target node.
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In order to receive more attention on tweets of other languages (not

English), some researchers aimed to carry on Twitter sentiment analysis on

a new domain. Kaya et al. [15] did sentiment analysis of Turkish politi-

cal columns with three Machine Learning classifiers: Naive Bayes, Support

Vector Machine and Maximum Entropy. Their motivation was determining

positive and negative opinions from whole documents without considering

subjects. Transfer learning was used to improve the performance of classifi-

cation from unlabeled tweets data to labeled political columns. For these data

set of Turkish political columns, they found that transfer learning method

can improve the accuracy of the sentiment classification, even extracting fea-

tures from unlabeled data in an unsupervised way.

Fernandez et al. [8] provided two approaches for sentiment analysis of

Spanish tweets. First, they used a ranking algorithm with uni-grams and

bi-grams. Second, they added skip-grams to the speech processing. The

polarity of Spanish tweets was divided in five levels: positive, strong positive,

negative, strong negative and none.

26



Chapter 3

Experimental Methodology

In this chapter, we conduct an extensive and systematic empirical study on

machine learning algorithms for tweet sentiment analysis. Different from

previous research works, we compare the performance of 5 different machine

learning algorithms using 4 popular text processing methods based on 12

datasets. For deriving more accurate results, we use 10 times of 5-fold cross-

validation technique to run our experiments. We expect to provide a guideline

for applying machine learning algorithms for sentiment analysis on tweets.

3.1 General Idea

For our empirical study, choosing machine learning algorithms is the most

important part. However, it is not easy to decide which algorithm we should

use, because there are a lot of machine learning algorithms that have been
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introduced by numerous researchers. Algorithm selection depends on many

various conditions, such as size and type of data, hardware, time cost, etc.

Even most researchers cannot tell which algorithm is the most suitable be-

fore trying them. As the motivation of this study is to investigate the per-

formance of machine learning algorithms on tweet sentiment analysis, we

select five different and widely used machine learning algorithms for a sys-

tematic comparison: Naive Bayes (NB), Support Vector Machines (SVMs),

Maximum Entropy (MaxEnt), Random Forest (RF), and Adaptive Boosting

(AdaBoost). We believe that these five algorithms are highly representative.

In an empirical study on machine learning algorithms, selecting data sets

on which the experiments are conducted, is also important. For sentiment

analysis over Twitter, a number of benchmark datasets have been released

in the last few years, and they are available online. Furthermore, we prefer

to select the datasets that have been widely used in the Twitter sentiment

analysis experiments in literatures. Saif et al. [35] introduced eight publicly

available and manually annotated evaluation datasets for Twitter sentiment

analysis. Based on their descriptions, we selected 5 datasets for our ex-

periments from their eight datasets, which are Sentiment Strength Twitter

Dataset (SS-Tweet), Stanford Twitter Sentiment Gold dataset (STS-Gold),

SemEval Dataset (SemEval), Sanders Twitter Dataset (Sanders) and Health

Care Reform (HCR). In addition, we also collected tweets from the Twitter

API. The tweets were all about video games. The two datasets formed from

the tweets we collected are Game dataset and GameMultiTweet dataset. We

28



randomly split 3 big datasets (SemEval, Game and GameMulitiTweet) into

8 datasets. So there are 12 datasets used in our experiments in total.

3.2 Machine Learning Algorithms

3.2.1 Naive Bayes

Naive Bayes is an algorithm which is widely used for classification problems.

In classification issues, a classifier is built from a training data set and it

will classify data into a number of different classes. The training data set

consists of a number of labelled training examples. Each training example

E is represented by an attribute vector (a1, a2, ..., an) and the class c for the

vector. For each attribute ai in the vector, it represents the value of attribute

Ai. For example, when we want to describe the weather for today, we can

set a number of weather attributes, such as: outlook, temperature, humidity.

The class label c of each training example is given, where c is the value of

the class variable C. The built classifier will be used to predict the labels for

any new instance.

Naive Bayes is based on the so-called conditional independence assump-

tion. The attributes are independent between each other given the class

label, shown in the equation below.

P (E|c) = p(a1, a2, ..., |c) =
n∏

i=1

p(ai|c) (3.1)
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where p(ai|c) stands for the likelihood of Ai, and instance E = (a1, a2, .., an).

In the task of classification, for each instance E, the value of p(E) is a

constant. So the probability p(c|E) is:

p(c|E) ∝ p(c)
n∏

i=1

p(ai|c) (3.2)

Given an instance E, the naive Bayes classifier is defined as below:

NB(E) = argmax
C

P (c)
n∏

i=1

P (ai|c) (3.3)

Accordingly, learning naive Bayes involves mainly estimating the values

of the probability p(ai|c) from the training instances. That is, the values

of the probability p(ai|c) will be computed using the training data, for each

value ai of the attribute Ai given the value c of the class variable C.

Naive Bayes has been well investigated. The major benefits for Naive

Bayes are listed below.

• It is not complicated and speedy to predict the class of any new in-

stance. It also performs superb in multi-class prediction.

• When the pre-assumption of conditional independence holds, Naive

Bayes classifier performs better comparing to other models, such as

logistic regression, using less training data.

On the other hand, there are also some technical issues in applying Naive

Bayes.
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• The major limitation of Naive Bayes is the conditional independence

assumption. In real life, it is almost impossible.

• If there is a new attribute value or class label for some instances in

a testing data set not observed in the training data, the model will

assign a 0 (zero) probability and this is non-advantageous to make a

good prediction. This is often known as “Zero Frequency”. In order

to solve this issue, we have an option to use the smoothing technique.

One of the simplest smoothing techniques is called Laplace estimation

[22].

• Naive Bayes is also known as an unremarkable estimator. The proba-

bility outputs from predict probability are not accurate..

3.2.2 Random Forest

Random forest is an algorithm that learns a model of multiple decision trees

for classification. That is, a set of decision trees are trained and used to

classify instances in random forest. There are two main parameters in random

forest algorithm: the number of decision trees t and the number of attributes

used for branching m .

The process to build each decision tree is described as follows:

1. Assume that there are N instances in the training data. We randomly

pick k instances each time in order to make one tree. Usually, k=N.
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2. Assume that the number of attributes for branching is m , and m is

much smaller than M (m << M ), where M is the number of total

attributes in the original training dataset. When we need to branch a

node, we randomly pick m attributes from M attributes and then split

the node using one attribute selected from the m chosen attributes.

Note that m is static for the whole process during building the tree.

This step is the same as normal decision tree making withm attributes.

That is, the information gain of each attribute from the m selected

attributes is calculated based on entropy and the one with the highest

value would be chosen.

3. Grow the tree till all training instances on each leaf belong to the same

class. Pruning is not necessary.

The process for classifying a new instance t is based on the trees from

the tree set which was built from the previous workflow. Each tree in the

tree set would be used for assigning a class label for the new instance t and

the most assigned label would be considered as the prediction class.

Randomly forest demonstrates good performance and thus has been used

in many applications. For the random forest algorithm, the advantages are

listed here:

• It has a favorable performance in classification.

• It can deal with high dimensionality problems, in which there is a large

number of attributes in the dataset.
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• Fast training speed can be expected.

• It could detect impacts between different attributes.

• It is easier to be implemented.

In random forest, every single decision tree is weak, but the power is

mighty when all of the weak ones cooperate together. A reasonable expla-

nation on the remarkable performance can be explained as follows: For each

single tree, it stands for a master tree but can only be used solving problems

from a narrow limited area. The forest is as a community which consists

different master trees, and for each new upcoming problem the trees in the

community would vote for the result.

3.2.3 AdaBoost

AdaBoost is the abbreviation of ”Adaptive Boosting”. It is also an ensemble

learning algorithm, in which a set of weak classifiers are built through multi-

ple iterations. In the AdaBoost algorithm, each instance in the training set

has a weight. For each prediction iteration, the weights of those misclassified

instances will be increased and then used in the next iteration for the next

weak classifier. After each iteration, there is a new weak classifier added to

the classifier set. This process is repeated till we get a small enough error

rate accuracy or reach the pre-configured maximum iteration times.

Assume that there is a training data set T = {(x1, y1), (x2, y2), ..., (xn, yn)},

where xi is the attribute values of instance i , and yi is the class label. The
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purpose of AdaBoost algorithm is to build a strong classifier which is based

upon the weak classifiers. The detailed learning algorithm can be described

as follows.

Step1.Initialize the weight of each instance: every instance has the

default same weight 1/n. We denote the dataset as

D1 = (W11,W12, , , ...,W1i, ...,W1n),W1i = 1/n, i = 1, 2, ..., n.

Step2.Perform iteration m, m = 1, 2,..., M, where M stands for the

maximum number of iterations.

1. Using dataset Dm, build a basic weak classifier Gm(x) (choose the low-

est error rate classifier, for example, a decision tree):

Gm(x) : x → {−1,+1}

2. Calculate the misclassification error rate for Gm(x):

em = P (Gm(xi) ̸= yi) =
N∑
i=1

wmiI(Gm(xi) ̸= yi) (3.4)

From the formula above, the error rate of Gm(x) is the summation of

the number of misclassified instances.

3. Calculate the weight of Gm(x), where am stands for the degree of im-
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portance for Gm(x):

am =
1

2
log

1− em
em

(3.5)

From the formula above, when em <= 1/2, am >= 0; and the value of

am will increase with declination of em. In other words, higher weights

will be set to those weak classifiers which have low error rate.

4. Upgrade the weights of instances in the training set and used for next

iteration:

Dm+1 = (Wm+1,1,Wm+1,2, ...,Wm+1,i, ...,Wm+1,n), (3.6)

Wm+1,i =
Wmi

Zm

exp(−amyiGm(xi)), i = 1, 2, ..., n.

The misclassified instances will have larger weights, and the ones cor-

rectly classified would have lower weights. In other words, the algo-

rithm focuses more on the misclassified instances. Zm is a normaliza-

tion factor:

Zm =
n∑

i=1

wmiexp(−amyiGm(xi)) (3.7)

Step3.Combine all weak classifiers.

f(x) =
m∑

m=1

amGm(x) (3.8)

and we can get the final classifier:
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G(x) = sign(f(x)) = sign
m∑

m=1

(amGm(x)) (3.9)

3.2.4 SVM

Linear classifier: Figure 3.1 shows a simple linear classification sample, in

which a straight line is enough to classify two different types of nodes [9].

The linear classifier is defined as follows.

Figure 3.1: 2D Linear Classification Example

f(x,w, b) = sign(w · x− b) (3.10)

where x, w, and b are vectors, and x is the input. The classifier f(x,w,b)

has two possible values: -1 and +1. When x is located in a two-dimensional

space, f(x) stands for a straight line. In a three dimensional space, f(x) stands
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for a plane surface. Generally, when x has a dimensionality n, f(x) is an n-1

dimensional hyperplane.

From a linear classification problem, shown in Figure 3.1, however, there

exist multiple classifiers (linear classifiers) to classify the given data nodes.

The question is how to find out the ideal one. In SVM, the classifier which

has the maximum margin is the one we are eager to find. Margin stands

for the distance between the linear classifier and the nearest nodes, shown in

Figure 3.2 [9].

Figure 3.2: Larger Margin & Smaller Margin

From Figure 3.2, the margin in (a) is obviously bigger than the margin

in (b). In SVM, larger margin means better classification. The formula for

calculating the margin (M) is defined as:

M =
2√
w · w

(3.11)
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However, there are many classification problems which cannot be solved

by a linear classifier. For example, in Figure 3.3, we cannot apply a linear

classifier to classify the given data nodes [48].

Figure 3.3: Non-linear Classified Case

There are several solutions to solve the problem in Figure 3.3. Firstly,

we can define a curve classifier to split the nodes perfectly, shown in Figure

3.4. The curve classifier is a non-linear classifier [48].

Instead of using a curve classifier directly, we can still use linear classifier

still but including many misclassified data nodes, which is unavoidable.

When a nonlinear classification problem is given, another approach is

that we can convert the original input space into a hyper-space and then we

can use a linear classifier to classify the problem. For instance, now we have

a nonlinear problem, shown in Figure 3.5 [16].

We can apply a mapping function in order to map the data nodes in
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Figure 3.4: Curve Classifier

Figure 3.5: Not Linearly Separable Problem
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the oval into a hyperspace, and we use a linear classifier (in this case a plane

surface) to classify the dots in the new hyperspace (3D), shown in Figure

3.6 [16]. Therefore, the general classification function of SVM is defines as:

f(x) =
N∑
i=1

wi∅i(x) + b (3.12)

where ∅i is the mapping function, called also the kernel function, wi and b

are vectors.

Figure 3.6: Transformed Dataset from the Previous One

For our experiments, we plan to use linear SVM classifier as one of 5

machine learning algorithms.

3.2.5 Maximum Entropy

Maximum Entropy is an algorithm for classifying or predicting some un-

known distributed data. In real life, randomness resides in various types
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of situations, and results from analysis based on those cases are dynamic.

In order to apply this algorithm, researchers would keep all random factors

from their problems and try their best to decline the risk. This is the basic

principle for applying the maximum entropy algorithm. Here is a simple in

real life which can help us to understand the Maximum Entropy algorithm.

A fast food restaurant would provide three types of food: burgers(B),

chicken(C) and fish(F) with price 1 dollar, 2 dollars and 3 dollars, respec-

tively. We have already got the truth that the average consume for each

customer is 1.75 dollars. In other to calculate the probability of purchasing

the three types of food, we have the information below.

p(B) + p(C) + p(F ) = 1

1p(B) + 2p(C) + 3p(F ) = 1.75

The entropy of distribution is then:

S = −p(B)log(p(B))− p(C)log(p(C))− p(F )log(p(F ))

Based on calculation, when p(F) = 0.216, p(B) = 0.466, and p(C) = 0.318,

we get the largest value of entropy S = 1.517.

We assume that there is a system containing a group of states, but we

know nothing on the way how they are distributed. In other words, we do

not know the probabilities of them. But we have restricted knowledge about
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their distribution behaviors. From the principle of maximum entropy: when

we need to deduce with uncompleted data set, we need to fulfil the limitations

and try to find the distribution with the maximum entropy. In other words,

the concept of maximum entropy is a scale: the higher entropy distribution

we have, the larger value we will get. So maximum entropy is an algorithm

trying to find the optimal solution with restricted conditions.

The formula used for calculating the maximum entropy:

S(X) = −
∫ ∞

−∞
fx(x)logfx(x)dx (3.13)

For all samples in X there is a distribution function that follows the

following conditions:

1)

fx(x) ≥ 0

2) ∫ ∞

−∞
fx(x)dx = 1

3) ∫ ∞

−∞
fx(x)gi(x)dx = ai, for(i = 1, 2, ...,m)

gi(x) is a function based on x.

We can include all different types of information together into a max-

imum entropy model which is an exponential function. The training is to

find out all factors in the function. The commonly used maximum entropy
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training model is the GIS (generalized iterative scaling) algorithm. Its basic

steps are described as follows.

1. Assume that the probability of each status about our data was dis-

tributed equally at the beginning, i.e. the 0th iteration.

2. Predict the information distribution using the N th iteration model. If

the output is over the real case, then we diminish the proper model;

otherwise we enlarge it.

3. Repeat the second step till convergence.

The iterations would refine the factors at each step from the original

ones and try to find the optimal model. It will guarantee that all factors

would get the optimal value in each iteration, but the optimum behavior of

the model can not be guaranteed. The factor refining work is costly and the

size of data set, and the number of factors would also have impacts on the

cost of training.

There are also other multiple iteration techniques, such as IIS (improved

iterative scaling) and CG (conjugate gradient), which are not included in this

research.
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3.3 Experimental Setting

3.3.1 Data Description

The datasets we used in the experiments are described as the Table 3.1.

Table 3.1: The sentiment distribution of 12 datasets

Dataset
No. of
Tweets

No. of
Positive

No. of
Neutral

No. of
Negative

SS-Tweet 4,242 1,252 1,953 1,037
STS-Gold 2,034 632 N/A 1,402
SemEval a 3,999 1,456 1,988 555
SemEval b 3,968 1,508 1,864 596
Sanders 3,090 460 2,123 507

HCR whole 2,394 542 470 1,382
Game 01 4,999 1,444 2,046 1,509
Game 02 4,991 1,420 2,128 1,443
Game 03 4,995 1,441 2,119 1,435
Game 04 5,000 1,434 2,114 1,452

GameMultiTweet01 6,781 2,117 4,183 481
GameMultiTweet02 5,999 1,835 3,730 434

The details of datasets are described as follows.

SS-Tweet

Sentiment Strength Twitter Dataset (SS-Tweet) was manually anno-

tated which contains 4242 tweets. As seen in its name, the sentiments of

tweets in this dataset have positive and negative sentiment strengths. A pos-

itive strength of each tweet is between not positive (1) to extremely positive

(5). Similarly, numbers of a negative strength are between -1 (not negative)
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to -5 (extremely negative). Thelwall et al. [39] constructed this dataset for

evaluating SentiStrenth. However, Saif et al. [35] proposed re-annotating

tweets of this dataset with negative (a number 2), neutral (a number 0) and

positive (a number 1), instead of sentiment strengths that make us to choose

this dataset for subjectivity classification. The final dataset we used consists

of 1,037 tweets with a number 2 (negative), 1,953 tweets with a number 0

(neutral) and 1,252 tweets with a number 1(positive).

STS-Gold

The Stanford Twitter Sentiment Gold dataset (STS-Gold) was built

by Saif et al. [35] based on original Stanford Twitter corpus. This dataset

contains 2,034 tweets with two sentiment polarity numbers 0 (negative) and

4 (positive). There are 1,402 tweets with a number 0 and 632 tweets with a

number 4.

SemEval

The original SemEval dataset consists of 20K tweets which was created

for the Twitter sentiment analysis task. The tweets of this dataset were

all annotated by hands with three sentiment polarity labels: positive, neu-

tral and negative. To collect data for the experiments, we tried to retrieve

7,967 tweets. For our experiment, we divided the SemEval dataset into two

separate datasets: “SemEval a” and “SemEval b”. In addition, before split-

ting the dataset, all the tweets were shuffled by our shuffling system. The

SemEval a has 3,999 tweets which consist of 1,988 neutral, 1,456 positive

and 555 negative tweets. The SemEval b contains 3,968 tweets with 1,864
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neutral, 596 negative and 1,508 positive tweets.

Sanders

The Sanders Twitter dataset we used contains 3,090 tweets with three

sentiments polarity: positive, negative and neutral. We ignored the irrelevant

tweets. Specifically, all the tweets are based on four different topics: Apple,

Microsoft, Twitter and Google. They were all manually annotated which

resulted in 2,123 neutral, 460 positive and 507 negative tweets.

HCR

The Health Care Reform (HCR) dataset was created by crawling tweets

with five sentiment labels: positive, negative, neutral, irrelevant and unsure.

All the tweets were manually annotated and contain the health care reform

hashtag (#hcr). This dataset was split into three subsets: training, devel-

opment and test sets, and each subset has 839 tweets. For our experiments,

we ignored the irrelevant and unsure tweets, and put three subsets into one

dataset (HCR whole). Therefore, the HCR whole dataset consists of 2,394

tweets (470 neutral, 1,382 negative, 542 positive).

Game

We built the Game dataset through collecting real-time tweets from the

Twitter API. All the tweets in this dataset were about video games collected

by searching their topic (Keywords: game or names of game), and manually

annotated. The whole dataset has 19,985 tweets with three sentiment num-

bers (0 is neutral, 1 is positive and 2 is negative). We shuffled the whole

dataset and split it into four smaller datasets: Game 01, Game 02, Game 03
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and Game 04.

GameMultiTweet

Similarly, the GameMultiTweet was constructed by searching topics of

games like the Game dataset. There are 12,780 tweets in this dataset, and

all of them were annotated by hands with positive, neutral and negative.

We also shuffled the whole dataset and split it into two smaller datasets

for experiments: GameMultiTweet01 and GameMultiTweet02. The Game-

MultiTweet01 dataset has totally 6,781 tweets (2,117 positive, 4,183 neutral

and 481 negative tweets), and the GmaeMultiTweet02 contains 5,999 tweets

(1,835 positive, 3,730 neutral and 434 negative tweets).

3.3.2 Experimental Tool and Platform

To conduct our experiments, we implemented all the algorithms by a popular

tool - Python. Python is an object-oriented programming language with a

very simple and clear syntax. It can be used to quickly develop scripts and

also be used to develop large-scale software, particularly suited to complete a

variety of high-level tasks and science calculations. Compared to science and

computing software MATLAB, Python is a more broaderly used scripting

language, and is completely free and open source. In addition, it is suitable

for many platforms, such as Windows and Linux. For achieving the research

objectives, an outstanding programming tool is necessary. The main rea-

son we chose Python is that it can provide a lot of packages to use, such

as “sklearn” and “nltk”, and many machine learning algorithms and pre-
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processing methods can be implemented easily from these packages. For ex-

ample, “from nltk.tag import UnigramTagger” and “from sklearn.ensemble

import RandomForestClassifier” are two convenient ways to carry out the

uni-gram technique and Random Forest classifier for sentiment analysis on

tweets.

All of our experiments were conducted on one computer, and the details

of the computer are shown below in the Table 3.2.

Table 3.2: The details of the experimental computer

CPU Intel Core 2 i7-2600 3.40GHz
Memory 16.0GB

Operating System Windows 7 Ultimate x64

3.3.3 Pre-processing Methods

To improve the performance of machine learning algorithms, appropriate fea-

tures must be selected in sentiment analysis. Pre-processing methods play

an important role to deal with features, such as n-grams mode and part-of-

speech tagging. In order to provide a systematic empirical study on machine

learning algorithms for tweets sentiment analysis, we chose 4 most popular

and widely used pre-processing methods: part-of-speech tagging (POS), bi-

grams, Sentiment Word Net (SentiWordNet) and stop words removal, and

made 6 combinations based on these methods. The purpose of using these

pre-processing and making these combinations is that we try to figure out
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whether these pre-processing methods are useful for improving classification

performance, and compare the performance of each machine learning algo-

rithm in different pre-processing method combinations. The 6 pre-processing

combinations are shown below:

1. POS + bi-grams + SentiWordNet + Stop words removal

2. bi-grams + SentiWordNet + Stop words removal

3. POS + bi-grams + Stop words removal

4. POS + Stop words removal

5. Stop words removal

6. None (not use any pre-processing method)

The details of all pre-processing methods are shown as follows:

Part-of-Speech (POS) Tagging

In Nature Language Processing (NLP) and text classification, POS tag-

ging is a widely used method. In general, POS tagging is to determine and

distinguish syntactic meaning of words in a sentence by specific tags, such as

adjective, adverb, verb, etc. [23].

Bi-grams

N-grams mode with a size 2 (n = 2) is bi-grams. It is to predict the

next word based on the previous word, and it also determines the double

words combination, such as “very good” and “so bad”. As mentioned in the
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Chapter 2, Dave et al. [5] found that bi-grams and tri-grams worked better

for the product-review polarity classification. As a result, we tried to test

this method in tweet sentiment analysis.

Sentiment Word Net (SentiWordNet)

SentiWordNet is a lexical resource to determine each word in a sentence

in three sentiment scores: positivity, negativity and objectivity according to

speech of words for sentiment classification and opinion mining [1].

Stop Words Removal

Since there are stop words in most of tweets, using stop words removal

is a good way to discriminate them in the pre-processing. Stop words mean

the words will not be considered by classifiers, because they are extremely

common and not sentiment words, such as “a”, “an”, “above”, “below”, etc..

3.3.4 Evaluation Metrics

For deriving more accurate results, we used 10 times of 5-fold cross-validation

technique to run our experiments. To analyze the results of our experiments,

accuracy, precision, recall and F1 score were the four main evaluation metrics.

Cross-validation

Cross-validation is a practical method of a statistical analysis to cut data

samples into smaller subsets. 5-fold cross-validation is a variation of k -fold

cross-validation to randomly cut original data set into 5 equal sized subsets.

Four subsets (training sets) are analyzed and the other one subset (test set) is

used for confirmation and subsequent verification of this analysis, Figure 3.7

50



is the example of 5-fold cross-validation. 10 times of 5-fold cross-validation

is to conduct 5-fold cross-validation 10 rounds using different partitions, and

the validation results are averaged over 10 rounds.

Accuracy

Accuracy is the most widely used metric in many research domains, and

it is a gap between the prediction value and the true value. In sentiment

analysis on tweet, high accuracy means that the sentiments of most tweets

in a dataset are analyzed and predicted correctly. The accuracy calculation

formula is shown below:

Accuracy =
Ncp

Np

∗ 100% (3.14)

Ncp: the number of instances that are correctly predicted;

Np: the number of total instances that are predicted.

Precision

Figure 3.7: The example of 5-fold cross-validation
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Precision is the proportion of the true values against all the values (both

true value and false value). In sentiment analysis, if a dataset is annotated

in two sentiment polarities: positive and negative, there are two precisions:

positive precision (positive predictive value) and negative precision (negative

predictive value). The example of positive precision calculation formula is

shown below:

PositivePrecision =
Ntp

Ntp +Nfp

∗ 100% (3.15)

Ntp: the number of true positives;

Nfp: the number of false positives.

In addition, negative or neutral precision, even irrelevant or unsure pre-

cision is calculated like calculating positive precision.

Recall

Recall is the proportion of the true values against the all relevant el-

ements. In sentiment analysis, if a dataset is annotated in two sentiment

polarities: positive and negative, there are two recalls: positive recall and

negative recall. The example of positive recall calculation formula is shown

below:

PositiveRecall =
Ntp

Ntp +Nfn

∗ 100% (3.16)

Ntp: the number of true positives;

Nfn: the number of false negatives.

52



F1 Score

In general, the precision is a metric to evaluate the accuracy of one

sentiment label, such as positive or negative, and the recall is to evaluate

the coverage of the true sentiment label against the all relevant elements.

Therefore, these two metrics both need to be considered comprehensively. F1

score is a single metric to consider both precision and recall. The simplest

form of F1 score is shown as follows.

F1 = 2 · precision · recall
precision+ recall

(3.17)
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Chapter 4

Experimental Results and

Analysis

In our experiments, we studied 5 representative machine learning algorithms:

Naive Bayes, SVM, Maximum Entropy, Random Forest, and Adaboost. The

12 data sets used in our experiments are described in Table 3.1. As dis-

cussed in Chapter 3, tweets are short and messy. Therefore, pre-processing

is essential. We investigated 6 combinations of pre-processing below.

1. POS + bi-grams + SentiWordNet + Stop words removal (PBSeSt)

2. POS + bi-grams + Stop words removal (PBSt)

3. bi-grams + SentiWordNet + Stop words removal (BSeSt)

4. POS + Stop words removal (PSt)
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5. Stop words removal (St)

6. None (not use any pre-processing method)

We conducted our experiments using 10 times of 5-fold cross-validation.

All prediction accuracies and accuracy variances are the mean accuracy and

mean variance of 10 rounds.

Table 4.1 shows the results on accuracy. In the first column, the “F”

on the top is abbreviation for “Pre-processing Methods, “1” represents “PB-

SeSt”, “2” represents “PBSt”, “3” represents “BSeSt”, “4” represents “PSt”,

“5” represents “St”, “6” represents “None”. The second column, the ab-

breviation “A” represents “Machine Learning Algorithms”, “NB” represents

“Naive Bayes”, “SVM” represents “Support Vector Machine”, “ME” repre-

sents “Maximum Entropy”, “RF” represents “Random Forest”, “Ada” rep-

resents “Adaptive Boosting”.

In Table 4.1, the numbers in bold type are the best accuracies achieved

on that data set with the corresponding pre-processing combination. In terms

of accuracy, we observed that three machine learning algorithms SVM, Max-

imum Entropy, and Random Forest perform well overall on all 12 datasets

and with all 6 pre-processing combinations. More precisely, SVM totally

provided the best accuracy in 36 times, Random Forest (RF) preformed the

best in 24 times, and Maximum Entropy (MaxEnt) gave the best accuracy in

12 times. According to our experiments, therefore, SVM and RF are the two

top algorithms that provide excellent performance in terms of classification
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accuracy in tweet sentiment analysis.

Table 4.1: Accuracy of 5 Machine Learning Algorithms in 6 Pre-processing
Method Combinations based on 12 Datasets

F A
Datasets

game01 game02 game03 game04

1

NB 0.577 ± 0.011 0.580 ± 0.011 0.582 ± 0.015 0.573 ± 0.012

SVM 0.585 ± 0.014 0.592 ± 0.012 0.600 ± 0.014 0.594 ± 0.019

ME 0.592 ± 0.011 0.594 ± 0.014 0.590 ± 0.014 0.592 ± 0.009

RF 0.585 ±0.012 0.589 ± 0.014 0.591 ± 0.015 0.590 ± 0.011

Ada 0.556 ± 0.012 0.567 ± 0.015 0.570 ± 0.013 0.564 ± 0.015

2

NB 0.574 ± 0.011 0.579 ± 0.012 0.580 ± 0.015 0.567 ± 0.012

SVM 0.585 ± 0.014 0.589 ± 0.012 0.600 ± 0.011 0.592 ± 0.011

ME 0.592 ± 0.011 0.600 ± 0.009 0.593 ± 0.013 0.595 ± 0.014

RF 0.583 ± 0.012 0.589 ± 0.015 0.591 ± 0.015 0.588 ± 0.013

Ada 0.560 ± 0.012 0.570 ± 0.016 0.571 ± 0.018 0.567 ± 0.015

3

NB 0.579 ± 0.012 0.580 ± 0.013 0.582 ± 0.012 0.574 ± 0.013

SVM 0.585 ± 0.014 0.591 ± 0.011 0.601 ± 0.013 0.593 ± 0.012

ME 0.589 ± 0.015 0.592 ± 0.014 0.589 ± 0.013 0.591 ± 0.013

RF 0.588 ± 0.016 0.593 ± 0.014 0.591 ± 0.015 0.594 ± 0.012

Ada 0.559 ± 0.015 0.565 ± 0.018 0.573 ± 0.012 0.565 ± 0.015

Continued on next page
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Table 4.1 – continued from previous page

F A
Datasets

game01 game02 game03 game04

4

NB 0.574 ± 0.012 0.579 ± 0.014 0.580 ± 0.013 0.571 ± 0.012

SVM 0.582 ± 0.015 0.583 ± 0.014 0.595 ± 0.015 0.586 ± 0.011

ME 0.583 ± 0.017 0.588 ± 0.013 0.589 ± 0.015 0.595 ± 0.011

RF 0.582 ± 0.015 0.589 ± 0.015 0.591 ± 0.016 0.592 ± 0.012

Ada 0.559 ± 0.011 0.573 ± 0.012 0.578 ± 0.013 0.568 ± 0.014

5

NB 0.576 ± 0.015 0.579 ± 0.011 0.583 ± 0.012 0.572 ± 0.011

SVM 0.580 ± 0.014 0.586 ± 0.013 0.594 ± 0.010 0.589 ± 0.017

ME 0.584 ± 0.013 0.589 ± 0.014 0.588 ± 0.014 0.593 ± 0.013

RF 0.589 ± 0.012 0.591 ± 0.012 0.591 ± 0.012 0.590 ± 0.014

Ada 0.563 ± 0.014 0.574 ± 0.016 0.577± 0.012 0.567 ± 0.018

6

NB 0.571 ± 0.013 0.577 ± 0.012 0.577 ± 0.013 0.574 ± 0.015

SVM 0.572 ± 0.014 0.581 ± 0.013 0.586 ± 0.014 0.586 ± 0.014

ME 0.575 ± 0.014 0.586 ± 0.015 0.585 ± 0.012 0.591 ± 0.015

RF 0.573 ± 0.013 0.581 ± 0.013 0.581 ± 0.013 0.590 ± 0.013

Ada 0.555 ± 0.012 0.568 ± 0.013 0.576 ± 0.014 0.567 ± 0.016

F A
Datasets

Tweet01 Tweet02 ss-tweet03 sander

1 NB 0.566 ± 0.012 0.542 ± 0.011 0.582 ± 0.014 0.661 ± 0.014

Continued on next page
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Table 4.1 – continued from previous page

F A
Datasets

Tweet01 Tweet02 ss-tweet03 sander

1

SVM 0.775 ± 0.009 0.761 ± 0.012 0.612 ± 0.013 0.771 ± 0.012

ME 0.752 ± 0.013 0.733 ± 0.013 0.564 ± 0.013 0.743 ± 0.012

RF 0.783 ± 0.007 0.760 ± 0.011 0.590 ± 0.015 0.732 ± 0.012

Ada 0.747 ± 0.011 0.731 ± 0.013 0.589 ± 0.013 0.694 ± 0.019

2

NB 0.552 ± 0.010 0.523 ± 0.012 0.569 ± 0.015 0.658 ± 0.016

SVM 0.774 ± 0.008 0.761 ± 0.011 0.607 ± 0.015 0.769 ± 0.011

ME 0.754 ± 0.010 0.733 ± 0.011 0.570 ± 0.013 0.740 ± 0.014

RF 0.781 ± 0.012 0.759 ± 0.009 0.587 ± 0.016 0.731 ± 0.010

Ada 0.753 ± 0.011 0.732 ± 0.014 0.584 ± 0.015 0.698 ± 0.015

3

NB 0.566 ± 0.013 0.543 ± 0.012 0.584 ± 0.017 0.662 ± 0.016

SVM 0.775 ± 0.010 0.764 ± 0.011 0.612 ± 0.014 0.771 ± 0.011

ME 0.752 ± 0.010 0.734 ± 0.010 0.568 ± 0.014 0.742 ± 0.015

RF 0.782 ± 0.009 0.760 ± 0.010 0.589 ± 0.014 0.732 ± 0.014

Ada 0.748 ± 0.010 0.732 ± 0.010 0.589 ± 0.015 0.691 ± 0.015

4

NB 0.585 ± 0.011 0.568 ± 0.014 0.571 ± 0.015 0.683 ± 0.014

SVM 0.768 ± 0.010 0.760 ± 0.010 0.597 ± 0.013 0.775 ± 0.011

ME 0.741 ± 0.010 0.725 ± 0.013 0.565 ± 0.016 0.709 ± 0.019

RF 0.784 ± 0.009 0.763 ± 0.012 0.593 ± 0.014 0.747 ± 0.017

Continued on next page
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Table 4.1 – continued from previous page

F A
Datasets

Tweet01 Tweet02 ss-tweet03 sander

4 Ada 0.749 ± 0.011 0.732 ± 0.012 0.587 ± 0.014 0.693 ± 0.017

5

NB 0.586 ± 0.011 0.571 ± 0.015 0.573 ± 0.014 0.683 ± 0.014

SVM 0.771 ± 0.009 0.756 ± 0.012 0.597 ± 0.012 0.773 ± 0.013

ME 0.741 ± 0.010 0.724 ± 0.011 0.570 ± 0.015 0.707 ± 0.019

RF 0.786 ± 0.010 0.764 ± 0.010 0.592 ± 0.015 0.746 ± 0.010

Ada 0.750 ± 0.011 0.734 ± 0.011 0.590 ± 0.018 0.692 ± 0.015

6

NB 0.609 ± 0.012 0.590 ± 0.012 0.566 ± 0.015 0.630 ± 0.013

SVM 0.774 ± 0.008 0.757 ± 0.009 0.584 ± 0.014 0.731 ± 0.013

ME 0.741 ± 0.012 0.727 ± 0.013 0.565 ± 0.014 0.708 ± 0.016

RF 0.778 ± 0.009 0.762 ± 0.010 0.576 ± 0.014 0.654 ± 0.016

Ada 0.752 ± 0.010 0.733 ± 0.012 0.573 ± 0.013 0.606 ± 0.019

F A
Datasets

sts-gold hcr whole semeval a semeval b

1 NB 0.834 ± 0.017 0.612 ± 0.019 0.544 ± 0.013 0.540 ± 0.0160

SVM 0.859 ± 0.015 0.670 ± 0.018 0.682 ± 0.013 0.648 ± 0.015

ME 0.776 ± 0.022 0.625 ± 0.015 0.645 ± 0.015 0.609 ± 0.016

RF 0.797 ± 0.022 0.642 ± 0.017 0.667 ± 0.014 0.642 ± 0.017

Ada 0.547 ± 0.066 0.640 ± 0.019 0.637 ± 0.017 0.616 ± 0.014

Continued on next page
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Table 4.1 – continued from previous page

F A
Datasets

sts-gold hcr whole semeval a semeval b

2

NB 0.831 ± 0.018 0.611 ± 0.018 0.520 ± 0.015 0.527 ± 0.012

SVM 0.853 ± 0.014 0.666 ± 0.015 0.676 ± 0.012 0.644 ± 0.013

ME 0.770 ± 0.024 0.624 ± 0.019 0.638 ± 0.014 0.604 ± 0.017

RF 0.799 ± 0.019 0.650 ± 0.017 0.670 ± 0.014 0.647 ± 0.015

Ada 0.518 ± 0.031 0.638 ± 0.018 0.632 ± 0.015 0.607 ± 0.013

3

NB 0.835 ± 0.017 0.614 ± 0.018 0.547 ± 0.013 0.537 ± 0.012

SVM 0.861 ± 0.011 0.671 ± 0.017 0.684 ± 0.013 0.648 ± 0.014

ME 0.776 ± 0.020 0.622 ± 0.021 0.646 ± 0.014 0.609± 0.016

RF 0.803 ± 0.016 0.642± 0.020 0.668± 0.014 0.642 ± 0.017

Ada 0.498± 0.068 0.643 ± 0.019 0.639± 0.014 0.616 ± 0.014

4

NB 0.844 ± 0.015 0.620 ± 0.018 0.552 ± 0.013 0.549 ± 0.014

SVM 0.856 ± 0.012 0.648 ± 0.019 0.647 ± 0.015 0.622 ± 0.013

ME 0.767 ± 0.018 0.610 ± 0.020 0.638 ± 0.015 0.608 ± 0.015

RF 0.819 ± 0.016 0.659 ± 0.018 0.682 ± 0.014 0.657 ± 0.016

Ada 0.486 ± 0.043 0.635 ± 0.018 0.638 ± 0.016 0.617 ± 0.017

5

NB 0.844 ± 0.014 0.619 ± 0.020 0.557 ± 0.016 0.550 ± 0.012

SVM 0.854 ± 0.014 0.649 ± 0.017 0.647 ± 0.013 0.621 ± 0.013

ME 0.764 ± 0.021 0.609 ± 0.025 0.642 ± 0.016 0.610 ± 0.012

Continued on next page
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Table 4.1 – continued from previous page

F A
Datasets

sts-gold hcr whole semeval a semeval b

5 RF 0.821 ± 0.018 0.659 ± 0.021 0.684 ± 0.014 0.657 ± 0.014

Ada 0.488 ± 0.035 0.638 ± 0.019 0.639 ± 0.018 0.615 ± 0.014

6

NB 0.808 ± 0.020 0.610 ± 0.019 0.563 ± 0.013 0.556 ± 0.014

SVM 0.829 ± 0.014 0.646 ± 0.019 0.642 ± 0.013 0.608 ± 0.018

ME 0.763 ± 0.024 0.609 ± 0.022 0.639 ± 0.015 0.607 ± 0.016

RF 0.793 ± 0.013 0.659 ± 0.017 0.683 ± 0.015 0.647 ± 0.015

Ada 0.477 ± 0.051 0.634 ± 0.020 0.630 ± 0.014 0.609 ± 0.017

Figure 4.1: Accuracy of 5 Machine learning Algorithms in “PBSeSt”

61



Figure 4.2: Accuracy of 5 Machine learning Algorithms in “PBSt”

Figure 4.3: Accuracy of 5 Machine learning Algorithms in “BSeSt”
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Figure 4.4: Accuracy of 5 Machine learning Algorithms in “PSt”

Figure 4.5: Accuracy of 5 Machine learning Algorithms in “St”
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As we can see from Figure 4.1 to 4.6, in all 6 pre-processing com-

binations, all machine learning algorithms perform relatively good on the

STS-Gold dataset, the GameMultiTweet datasets (tweet01 and tweet02) and

the Sanders dataset. As mentioned in the dataset description, the Sanders

dataset was constructed based on four different topics: Apple, Microsoft,

Twitter and Google. So tweets with specific topics may help for improving the

stability of machine learning algorithms in sentiment classification. Similarly,

all tweets in the GameMultiTweet dataset are about video games. However,

although the Game dataset (game01, game02, game03, game04) also consists

of tweets with game topics, analyzing tweets in the Game dataset is actually

more difficult than analyzing tweets in the GameMultiTweet dataset accord-

ing to our experiments. One explanation is that the Game dataset contains

much more noise. One example is shown in Table 4.2.

Figure 4.6: Accuracy of 5 Machine learning Algorithms in “None”
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Table 4.2: The Sample Tweets from Game and GameMultiTweet dataset

Tweets of Game Dataset Tweets of GameMultiTweet Dataset
@martoo23:Fifa 14

≫ Nba2k14
I unlocked the

AK-47 Expert achievement!
I hate my helpless

defiance.NOOOOOOO
gameID 4

is such a good game
It was... oddly
disappointing.

Jut copped
gameID 4 for PS3.

In addition, all machine learning algorithms are most stable on the STS-

Gold dataset, because the STS-Gold dataset just has two sentiment labels:

0 (negative) and 4 (positive). In fact, we noticed that the five algorithms are

better at classify the binary data. Certainly, bar charts also show that SVM

and RF supplied better prediction accuracy than other three algorithms.

According to the results above, we chose the STS-Gold dataset which

was the most beneficial for sentiment classification, and analyzed the perfor-

mance of machine learning algorithms in terms of precisions, recalls and F1

scores with the 6 pre-processing combinations. The goal of this study is that

we tried to find the best machine learning algorithm based on the F1 score.

The numbers in Table 4.3 are the F1 scores, precisions and recalls of the

majority label (negative) in the STS-Gold dataset. The F1 score in bold type

is the highest value among the 5 algorithms with the specific pre-processing

combination. An F1 score will be high only if both precision and recall are

high. From Table 4.3, we observed that SVM performs better that the other

algorithms in terms of the F1 score.
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Table 4.3: F1 Score, Precision, and Recall of Negative in STS-Gold Dataset

STS-Gold

Feature Algorithm F1 Precision Recall

None

RF 0.863134449 0.7942489 0.9451037

SVM 0.878298978 0.863001804 0.89414824

Ada 0.855876471 0.873468342 0.83897922

ME 0.852023064 0.748962379 0.98797267

NB 0.84998568 0.920707152 0.78935374

St

RF 0.881005435 0.8141515 0.959821

SVM 0.895244289 0.884648185 0.90609731

Ada 0.880801167 0.891953004 0.86992474

ME 0.852890624 0.748798762 0.99059502

NB 0.882567528 0.916084668 0.85141643

PSt

RF 0.880059487 0.8106003 0.962538

SVM 0.897119549 0.884107467 0.91052037

Ada 0.879867036 0.891250178 0.868771

ME 0.854180743 0.75073649 0.990688

NB 0.882692582 0.915677403 0.85200151

PBSt

RF 0.87066318 0.7839569 0.9789341

SVM 0.895661802 0.875095911 0.91721761

Ada 0.87834015 0.894936459 0.86234818

Continued on next page
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Table 4.3 – continued from previous page

Feature Algorithm F1 Precision Recall

ME 0.855781176 0.753085607 0.99090768

NB 0.869552803 0.928093829 0.81795873

BSeSt

RF 0.87282765 0.7851988 0.9824724

SVM 0.901727149 0.882549031 0.92175728

Ada 0.872855922 0.888593095 0.85766647

ME 0.859159723 0.758681957 0.99031424

NB 0.872890343 0.926925709 0.82480796

PBSeSt

RF 0.869544127 0.7817954 0.9794811

SVM 0.899906742 0.879509102 0.92127297

Ada 0.870889666 0.888075976 0.85435592

ME 0.858873248 0.758171924 0.99042236

NB 0.872779464 0.926643302 0.82483361

From our experiments, we can conclude that SVM is the best in tweet

sentiment analysis. Then the next question we want to know is: which pre-

processing method or combination is the best for sentiment classification

using the SVM classifier.

Figure 4.7 shows the experimental results. According to Figure 4.7,

we had a few interesting observations in terms of the effectiveness of pre-

processing techniques.
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1. Comparing “St” (stop words removal) with “None” (no pre-processing

method), it can be observed that stop words removal gave an obvious

improvement for the prediction accuracy. That is, stop words removal

is effective in tweet sentiment analysis.

2. Comparing “PSt” (part-of-speech + stop words removal) with “St”,

we can see that adding POS tagging alone did not give any help for

sentiment classification.

3. Even though “PBSeSt” (part-of-speech + bi-grams + SentiWordNet

+ Stop words removal) is one of pre-processing combinations that can

provide better performance, but comparing with “BSeSt” (bi-grams

+ SentiWordNet + Stop words removal), the prediction accuracy in

Figure 4.7: Accuracy of SVM in 6 Pre-processing Combinations Based on 12
Datasets
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the “BSeSt” only increased 0.09%. Therefore, POS tagging were not

beneficial when using the bi-grams and the SentiWordNet.

4. Comparing with “St”, we see that the prediction accuracy in the “BSeSt”

increased 1.8%.

5. Overall, the “BSeSt” combination works much better than other 5 com-

binations. That is, bi-grams + SentiWordNet + Stop (BSeSt) words

removal is the most effective pre-processing method combination in the

problem of tweet sentiment classification.
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Chapter 5

Conclusions and Future Work

5.1 Conclusions

Machine learning approaches become an effective and popular tool to the area

of sentiment analysis on tweets. Because of the unique characteristics of the

tweet data, choosing machine learning classifiers and adjusting the param-

eters of algorithms are the essential tasks in the process of tweet sentiment

analysis. On the other hand, since tweets are short and messy messages, the

sentiment analysis methods that may work well in other data, such as movie

reviews or product reviews, are probably not effective for analyzing tweets.

So identifying useful pre-processing methods plays an important role as well

as the sentiment analysis algorithms.

In our study, we carried out a systematic and thorough empirical study

on the machine learning algorithms for tweet sentiment analysis. Through
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our experiments, we systematically compared 5 machine learning algorithms,

and investigated the performance and effectiveness of these algorithms com-

bined with some pre-processing methods, in terms of a variety of evaluation

metrics. We found that the Support Vector Machine (SVM) and the Random

Forest (RF) are the two algorithms that were most effective and provided the

best performance based on the experimental results. We specifically recom-

mend SVM.

Secondly, we also studied a variety of pre-processing methods and ob-

tained a few interesting observations. Our experimental results proved that

stop words removal is effective to improve the accuracy, precision and re-

call in tweet sentiment analysis. We also noticed that part-of-speech (POS)

tagging cannot affect the performance of sentiment classification if using it

individually. However, we cannot precisely prove and determine that the

POS tagging is useless for tweet sentiment analysis, since the corpus of POS

tagging we used is not specific for tweets. We concluded that the combina-

tion of bi-grams + SentiWordNet + Stop words removal is the most effective

pre-processing method combination in the problem of tweet sentiment clas-

sification based on our experimental study.

5.2 Future Work

In the future, there is much work we expect to do. Firstly, more machine

learning algorithms should be tested and applied for tweet sentiment analysis.
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For example, the deep learning algorithms should be studied for this specific

problem. In addition, it is necessary not only to focus on researching the

performance and effectiveness of machine learning algorithms, but also to

investigate which experimental setting or parameter setting can help us find

the optimal algorithm.

Secondly, more real-time tweet data should be collected and studied as

the experimental data. Especially, the word limitation of tweets has been

changed now. Finally, more pre-processing methods should be discovered or

designed based on tweet data, or we can test more existing pre-processing

methods for improving the performance of various machine learning algo-

rithms from different angles in the scenario of tweet sentiment analysis.
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