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Emotion classification is one of the topics in effective computing applicable in 

various research areas such as speech synthesis, image processing, and especially, text 

processing. Emotion classification is aimed at identifying a suitable emotion label for 

each review. In this research, a hierarchical classification framework to identify 

emotions (objective opinion and anger, disgust, fear, sadness, happiness, and surprise) 

is proposed for actual customer reviews written in Thai. The hierarchical classification 

framework consists of three levels: opinion, sentiment, and emotion. First, the opinion 

level distinguishes customers’ reviews into two types, namely objective and subjective 

opinions. Second, the sentiment level is used to categorize the subjective opinions as 

either positive or negative. Last, in the emotion level, an emotion label is assigned to 

an opinion as either anger, disgust, fear, happiness, sadness, or surprise. The proposed 

method consists of three main processes: (1) text preprocessing, (2) feature extraction, 

and (3) emotion classification. Text preprocessing provides necessary information and 

normalization of words in the reviews and comprises word segmentation, part-of-

speech (POS) tagging, word replacement, and stop-word elimination. Feature 

extraction is a process to construct a vector space model (VSM) for opinion 

classification. Five feature sets for generating the VSM are created by using a corpus- 

and lexicon-based approach: the term frequency-inverse document frequency (Tf-Idf) 

of unigram words (TUW), bigram words (TBW), unigram POS (TUP), and bigram POS 

(TBP), and a Thai sentiment lexicon (TSL). Furthermore, a decision tree, multinomial 



(iv) 

naïve Bayes, and a support vector machine (SVM) are used as classifiers in the emotion 

classification process. 

The experimental results show that for the hierarchical approach where the 

subjectivity of a review is first determined, the polarity of an opinion is identified, and 

then the emotional label is calculated yielded the highest performance with an accuracy 

of 69.60%. Overall, TBW was the most effective feature subset used for filtering 

opinions, determining polarity, and classifying negative emotions. Lexicon resources 

such as TSL and the POS tag sets in the morphology level improved the accuracy of 

opinion filtering in two- and three-level hierarchical classification. SVM achieved a 

high performance in identifying contrasting opinions such as objective versus 

subjective opinions and positive versus negative sentiment. Meanwhile, multinomial 

naïve Bayes performed the best when identifying closely related emotions such as 

happiness versus surprise in positive emotion classification. 
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CHAPTER 1 

 

INTRODUCTION 

With the immense growth in communication over the Internet, emotion 

classification on text-based resources (e.g. web-blogs, online newspapers, and social 

networks) is becoming an interesting and challenging topic. Emotion classification can 

be applied in various research areas such as speech synthesis (Cowie et al., 2001), image 

processing (Cohen, Sebe, Garg, Chen, & Huang, 2003; Donato, Bartlett, Hager, Ekman, 

& Sejnowski, 1999; Mehta, Siddiqui, & javaid, 2018), and especially, text processing 

(Chirawichitchai, 2014; Inrak & Sinthupinyo, 2010; Strapparava & Mihalcea, 2008). 

Most customers usually buy products from websites or via mobile applications, and the 

companies running these hope to receive product feedback when customers buy their 

products. Customers often write reviews to give feedback on products that are in an 

unstructured format that is free-form, shortened text in an informal style. The review 

content is usually an expressed opinion and an emotional response concerning the 

quality and quantity of a product that the reviewer ordered and used. These emotions 

can affect the profit and image of a company. If a reviewer writes a positive opinion or 

expresses a positive emotion toward a product onto a website, there is a tendency to 

attract more customers. Due to the number of reviews, it can be difficult for readers to 

identify emotions manually, and so automatic emotion recognition is needed to solve 

this problem. 

 

1.1 Statement of the Problem 
 

Customers’ reviews are usually written in an unstructured format that is free-

form, shortened text in an informal style. Due to the number of reviews, it can be 

difficult for readers to understand of the semantics of the short texts and identify 

emotions manually. Therefore, an automatic emotion recognition technique as a 
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challenging research pursuit to solve this problem and thereby help readers to identify 

feedback from reviews in a short time period. 

 

1.2 Objectives of the Research 
 

The objectives of the study are: 

1) To study and analyze sentiment and emotion recognition in Thai short text. 

2) To propose a hierarchical classification framework consisting of three levels: 

opinion, sentiment, and emotion. 

3) To compare the effectiveness of opinion classification with opinion filtering 

and without opinion filtering in each level. 

 

1.3 Scope of the Study 
 

The case study in this research uses reviews on cosmetics by customers to 

construct data sets from three websites. Each review is labeled by three levels of opinion 

mining: opinion, sentiment, and emotion. 

 

1.4 Organization of this Dissertation 
 

The rest of this dissertation is organized as follows. Chapter 2 provides a 

literature review as background for this study, and Chapter 3 presents the three 

approaches in the hierarchical emotion classification framework. Chapter 4 consists of 

the experimental results and an evaluation of each approach, and finally, Chapter 5 

provides conclusions and future work based on this study. 

 



CHAPTER 2 

 

BACKGROUND AND LITERATURE REVIEW 

Opinion classification with opinion filtering and with opinion filtering in three 

hierarchical levels is proposed in this dissertation.  Background on this concept in the 

form of related work is covered in this chapter. 

 

2.1 Definition of Opinion Mining 
 

The definition of opinion mining by Bing Lui (Lui, 2012) is as follows, 

“Sentiment analysis, also called opinion mining, is the field of study that analyzes 

people’s opinions, sentiment, evaluations, appraisals, attitudes, and emotions toward 

entities such as products, services, organizations, individuals, issues, events, topics, and 

their attributes.” From an overview of opinion mining, the subjective analysis research 

area has two main tasks consisting of sentiment classification and opinion 

summarization (Somjin Phiakoksong, 2015). Sentiment classification is divided into 

two tasks: 

1) Distinguishing between subjective and objective opinions. The 

identification of a subjective opinion expressed by a reviewer is classified as positive 

or negative sentiment and an objective review as an expression of factual information 

with no opinion and neutral emotion. 

2) Opinion classification comprises two subtasks. The first one (binary class) 

classifies sentiment as positive or negative, while the second classifies opinions with a 

number of labels: positive, negative, neutral, or objective (multi-class). 

Research on opinion summarization comprises an aggregation task which 

applies an opinion aggregation function to calculate sentiment scores to define the final 

orientation of the opinion. The aggregation task has three subtasks: text summarization, 
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visualization, and overall feature score. A diagram of the subjective analysis research 

area is shown in Figure 2.1. 

 

 

Figure 2.1 The subjective analysis research area 

Source: Somjin Phiakoksong, 2015, p. 49. 

 

2.2 Definition of Emotion 
 

The definition of emotion following WordNet Search-3.1  (“Emotion,” 2018) 

online is “any strong feeling” and Binali, Wu, and Potdar (2010) defined emotion as, 

“Emotions are part and parcel of human life and among other things, highly influence 

decision-making.” Many researchers have classified types of emotion with various 

labels. There are six basic emotions in Paul Ekman’s (1992) work based on facial 

expressions from many human cultures: anger, disgust, fear, sadness, happiness, and 

surprise. Later, Breazeal (2003) presented nine faces that a human observer perceives 

for the facial expressions of sociable humanoid robots (neutral, happiness, elated, 

surprise, afraid, frustrated, sad, sleepy, and relaxed) in four dimensions consisting of 

arousal, pleasure, displeasure, and sleep, as shown in Figure 2.2. Arousal signifies how 

arousing an experience is to the emotional system. Positive values matched to high 
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arousal motivate whereas negative values matched to low arousal demotivate. The 

valence tag represents how favorable or unfavorable an emotional experience is. 

Positive values match with pleasant motivation whereas negative values match with 

unpleasant motivation. 

 

 

Figure 2.2 Russell’s pleasure-arousal space for facial expression 

Source: Breazeal, 2003, p. 8; Adapted from Russell, 1997. 

 

Furthermore, Breazeal (2003) and Gunes and Pantic (2010) proposed polarity 

in an Arousal-Valence (A-V) graph based on Ekman’s emotion labels, as shown in 

Figure 2.3. The X-axis represents valence by mapping a scale of pleasant versus 

unpleasant or positive versus negative sentiment and the Y-axis represents arousal by 

mapping a scale of relaxed vs. aroused. The positive emotions are happiness and 

surprise and the negative ones are anger, disgust, fear, and sadness. This emotional 

classification system was adopted in the present research. 
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Figure 2.3 Arousal-Valence (A-V) polarity of emotion labels 

Source: Gunes and Pantic, 2010, p. 3. 

 

2.3 Emotion Classification 
 

Emotion classification of text is aimed at identifying a suitable emotion label 

for textual data in many levels such as phrase, sentence, paragraph, and document. 

Strapparava and Mihalcea (2008) proposed knowledge and corpus-based approach by 

using emotional keywords and lexical words to identify emotion labels from news 

headlines including New York Times, CNN, and BBC. Although, prior knowledge is 

an efficient indicator for classification but some knowledge contains ambiguity; 

ambiguity emotion words or phrases. Thus, this approach cannot classify text without 

emotional keywords or lexical words; as a result, there are some significant problems 

of emotion recognition. The second approach is Machine learning. The researchers 

proposed the set of features to identify correct emotion label on text with emotional 

keywords and without emotional keywords. The example of feature sets are bag of 

words which are generated as n-gram (Ghazi, Inkpen, & Szpakowicx, 2010),  emotional 

words; “displeased” is anger label , “afraid” is fear label, “cheerful” is joy label, and 

“amaze” is surprise label (Strapparava & Mihalcea, 2008), term frequency and inverse 

document frequency (tf-idf), score weight (Burget, Karasek, & Smekal, 2011), and part 
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of speech (pos) such as noun, verb and adverb (Inrak & Sinthupinyo, 2010). Then, these 

features sets were evaluated by using various algorithms such as Support Vector 

Machines (SVM) (Burget et.al., 2011; Ghazi et al.,  2010), Naïve bayes (Inrak & 

Sinthupinyo, 2010; Strapparava & Mihalcea, 2008) Decision Tree (Burget et.al., 2011; 

Inrak & Sinthupinyo, 2010) and Linear regression (Burget et.al., 2011). Last, Hybrid 

approach combines between two approaches or one of approaches integrate with the 

algorithm such as graph, heap, and tree to classify emotion categories. For example, 

Seol, Kim, & Kim, (2008) purposed Hybrid approach combine between Keyword-

based and Machine learning approaches based on knowledge-based Artificial Neural 

Network (KBANN) classifier. Their system separated input into 2 sets with the 

presence of emotional word in each sentence and classified eight emotions including 

anger, fear, sadness, love, happiness, hope, thanks and neutral. If sentence have the 

presence of emotional word, they solved emotion recognition with knowledge-based 

approach. To performed knowledge-based approach, they construct EKD; Emotional 

Keyword Dictionary; and matching module for identifying emotion label. And, for 

input text that does not have the presence of emotional word, this system applied 

KBANN as classifier which combined emotion ontology and emotion rules to 

recognize a emotion label with highest score. 

However, the previous proposed a flat emotion classification that yielded low 

accuracy especially informal text, text without emotional keywords or short text. Thus, 

Ghazi et al. (2010) proposed a compassion of effectiveness between the hierarchical 

and flat classification in fairy tales and news headlines data set in English language. 

This research classified five emotion labels with three hierarchical levels by using 

Support Vector Machine algorithm. Three hierarchical level classification included 

level-1 (objective versus subjective opinion), level 2 (positive versus negative 

sentiment), and level 3 (anger, disgust, fear, sadness, happy). The feature sets were 

unigram word, polarity set that applied polarity lexicon from Wordnet affect lexicon 

and Roget’s Thesaurus. Their experimental results showed that three hierarchical level 

classification have higher effectiveness than flat classification. Later, Esmin, de 

Oliveria, and Matwin (2012) also proposed a hierarchical emotion classification in 

Twitter on Brazilian language. This research used emoticon lists and part of speech 

tagging as feature sets and applied Support Vector Machine and Naïve Bayes 
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algorithms to recognize five emotions with three hierarchical levels. Level 1 identified 

objective versus subjective opinion label. Level 2 identified positive versus negative 

sentiment. Last, Level 3 identified five emotion labels including anger, disgust, fear, 

sadness, surprise. The precision of all emotion labels in hierarchical classification 

outperforms than flat classification. Xu, Yang, & Wang, (2015) also proposed a 

hierarchical emotion classification on Chinese micro-blog posts from Sina Weibo 

randomly. Feature sets of classification composed emoticon lists and part of speech 

tagging. They classified a five-level hierarchy with fined-grained 19 emotion labels 

following Figure 2.3. The results showed that the employing hierarchical classification 

can improve the performance than flat classification. 

 

 

Figure 2.4 Four-level hierarchy classification 

Source: Adapted from Xu, Yang and Wang, 2015, p. 3. 

 

Most emotion classification researches are proposed for English and Western 

languages. However, these researches cannot be directly applied to Thai language. Thai 

texts are written in continuous words, without space, punctuation marks, full stop (“.”), 

comma (“,”) or semicolon (“;”), to identify boundaries of words and sentences. 

Haruechaiyasak, Kongthon, Palingoon and Trakultaweekoon (2013) proposed the S-

Sense framework for three Thai social media sources to identify four different 

intentions (i.e., announcement, request, question and sentiment) and two sentiments 

(i.e., positive and negative). The example of annotated texts in each label as shown in 
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Figure 2.4. The experiments compared the performance between two different lexicon 

sets including general and clue lexicons. General lexicons consisted of LEXiTRON 

(Thai-English electronic dictionary) and Thai Twitter corpus. And, clue lexicons 

included terms or phrases that could help identify intention and sentiment label. This 

research applied the Multinomial Naive Bayes algorithm as classification model. The 

experimental results showed that the combining of both general and clue lexicon as 

feature vectors yielded the highest accuracy.  

 

 

Figure 2.5 Example of annotated texts categorized by intentions and sentiments 

Source: Haruechaiyasak, Kongthon, Palingoon and Trakultaweekoon, 2013, p. 6. 

 

Nivet Chirawichitchai (2014) proposed a flat classification in Thai social 

networks by using corpus-based approach. This research classified six emotion labels 

(i.e., anger, fear, joy, love, sadness, and surprise) using Boolean, term frequency and 

tf-idf weights as feature sets and applied Support Vector Machine, Naïve Bayes, 

Decision Tree and K-nearest Neighbor algorithm as classifiers. The experimental 
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results showed that Boolean weighting and Support Vector Machine that combined 

with information gain as feature selection by using Boolean weight as feature set 

yielded the best performance.  

Todsanai Chumwatana (2015) proposed sentiment classification from Thai 

customer’s reviews on social media and websites. This research extracted emotional 

words from text and assigned each word with sentiment score (“+1” for a positive word, 

“0” for a neutral word and “-1” for a negative word). The sentiment score is calculated 

by summing those word scores. The results show that emotional word is important 

feature that can identify sentiment label for Thai customer’s reviews. 

 

 

Figure 2.6 Example of Thai customer’s reviews data set 

Source: Chirawichitchai, 2014, p. 3. 

 

Previous researches on Thai opinion classification have suggested that an 

effective feature set can be constructed from corpus-based and lexicon approaches. This 

research proposes a hierarchical framework to identify emotions (i.e. objective, anger, 

disgust, fear, sadness, happiness and surprise) for actual customer reviews written in 

the Thai language. 

 



CHAPTER 3 

 

METHODOLOGY 

This research proposes a Hierarchy classification framework consists of three 

levels: opinion level, sentiment level and emotion level. First, the opinion level 

distinguishes customers’ reviews into two types which are objective and subjective 

opinions (Lui, 2012) . An objective or neutral emotion expresses factual information or 

no opinion. A subjective opinion expresses a reviewer’s opinion which can be classified 

into positive or negative sentiment. The second level is the sentiment level which 

categorizes a subjective opinion into positive or negative type (Lee, Jeong, & Lee, 

2008). The emotion level then assigns an emotion label to an opinion.  

There are six basic emotions based on Paul Ekman (1992) that are used for facial 

expressions in all human traditions. These emotions are anger, disgust, fear, sadness, 

happiness and surprise. Furthermore, Breazeal in 2003 proposed the polarity in 

Arousal-Valance (A-V) graph space based on Ekman’s emotion. Axis X represents 

valence by mapping scale of pleasant versus unpleasant or positive versus negative 

sentiment, and axis Y represents arousal by mapping scale of relaxed vs. aroused. The 

positive emotions include happiness and surprise, and the negative emotions include 

anger, disgust, fear, and sadness. The emotion classification in this research is thus 

organized accordingly. 

The objective of this research is opinion classification with opinion filtering and 

with opinion filtering in a hierarchical framework via a comparison of the accuracy of 

opinion classification. The proposed method consists of three main processes: (1) text 

preprocessing (2) feature extraction, and (3) emotion classification. Text preprocessing 

provides necessary information and normalization of words in the reviews, while 

feature extraction generates a set of features by using corpora and lexicons. Emotion 

classification then applies a classification algorithm to the extracted features to identify 
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the emotion label. The three approaches for emotion classification used in this study 

are shown in Figure 3.1. 

Approach 1 uses emotion classification to identify seven labels of opinion 

analysis consisting of objective opinion and six human emotions following Paul 

Ekman’s classification system. Approach 2 is a two-level structure comprising opinion 

filtering and emotion classification. Opinion filtering determines whether a review 

contains a subjective opinion by the reviewer while emotion classification classifies the 

emotion of the opinion identified in the previous step with one of six emotion labels: 

anger, disgust, fear, sadness, happiness, and surprise. Approach 3 contains three levels, 

namely opinion filtering, sentiment filtering, and positive and negative emotion 

classification. The difference from Approach 2 is that after opinion filtering, instead of 

classifying emotion directly, each opinion is classified first as either positive or 

negative, after which each positive opinion is labeled with a positive emotion and each 

negative opinion with a negative one. 

 

Figure 3.1 The three approaches for the emotion classification framework 
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3.1 Text Preprocessing 
 

Preprocessing includes word segmentation, part-of-speech (POS) tagging, word 

replacement and stopword elimination. Examples of the preprocessing steps are shown 

in Table 3.5. 

 

3.1.1 Word Segmentation 

Unlike English, Thai has distinctive syntactical and semantic characteristics. 

The language has no specific punctuation symbols (e.g. ‘.’, ‘?’, ’;’) to identify the end 

of a sentence or clause. Furthermore, there are no spaces to separate the boundaries 

between words. Especially, this research focuses on customers’ reviews usually written 

in an unstructured format that is free-form with an informal style. Accordingly, 

identifying the boundaries of each word becomes a non-trivial problem when analyzing 

Thai. In this research, word segmentation is performed by KuCut (Sutee Sudprasert, 

2005) which is based on global and local unsupervised learning to segment unknown 

words. 

 

Table 3.1 The NAiST POS tag set 

No. POS Tag Description Example Word 
Adjective       

1 adj Adjective ขยนั, เก่า, หอม 

Adverb    
2 adv Adverb ชา้, ง่าย, เกินไป 
3 advm1 Adverb marker1 อยา่ง 
4 advm2 Adverb marker2 เป็น  
5 advm3 Adverb marker3 โดย 
6 advm4 Adverb marker4 สกั 
7 advm5 Adverb marker5 ตาม 

Classifier    
8 cl Classifier แท่ง, หลอด, ขวด 
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Table 3.1 (Continued) 

 

No. POS Tag Description Example Word 
Conjunction    

9 conj Conjunction และ, หรือ, ทั้ง 
10 conjd Double conjunction ทั้ง...และ, ไม่...ก,็ ทั้ง....ทั้ง 

11 conjncl 
Noun clause 
conjunction วา่, ไดแ้ก่, ให ้

Determiner    
12 det Determiner น่ี, น้ี, นั้น,  
13 indet Indefinite determiner ใด, อ่ืน, อยา่งไร 

Idiom    
14 idm Idiom ยอ้มแมวขาย 

Injection    

15 int Interjection เอะ๊, อุย๊, โอย๊ 

16 neg Negative ไม่, ไร้ 

Noun    

17 npn Proper Noun ออเดอร์, แพค็, สกินแคร์ 

18 nnum Cardinal number หน่ึง, สอง, สาม  

19 norm Ordinal Number Marker ท่ี 

20 nlab Label noun 1, 2, 1) 

21 ncn Common noun เงิน, บริการ, ส่วนผสม 

22 nct Collective noun แพค็, กลุ่ม, พวก 

23 ntit Title noun นาย, นาง, นางสาว 

Particle    

24 aff Affirmative ค่ะ, จา้, 
25 part Particle นกั, เป็นตน้ 

Passive voice 
marker    

26 psm Passive voice marker ถูก, โดน 

Preposition    

27 prep Preposition กบั,โดย, ท่ี 

28 prepc Co-preposition ระหวา่ง...กบั, ตั้งแต่...จนถึง 

Prefix    

29 pref1 Prefix1 การ, ความ 

30 pref2 Prefix2 ผู,้ นกั 

31 pref3 Prefix3 ชาว 

Pronoun    

32 pper Personal pronoun เขา, เธอ, ฉนั 

33 pdem Demonstrative pronoun น้ี, นั้น, นัน่ 
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Table 3.1 (Continued) 

 

No. POS Tag Description Example Word 
34 pind Indefinite pronoun ใคร, ต่าง, บา้ง 

35 ppos Possessive pronoun ของคุณ, ของเรา 

36 prfx Reflexive pronoun เอง, ตวัเอง 

37 prec Reciprocal pronoun กนั 

38 prel Relative pronoun ท่ี, ซ่ึง, อนั 

39 pint Interrogative pronoun ทาํไม, อะไร, อยา่งไร 

Punctuation    

40 punc Punctuation “, - , ? 

Verb    
41 vi Intransitive verb กระจดักระจาย, หลุด, แย ่
42 vt Transitive verb กรุณา, ส่ง, โอน 

43 vcau Causative verb ให,้ ทาํให้ 

44 vcs 
Complementary state 
verb เป็น, อยู,่ คือ  

45 vex Existential verb มี 

46 prev Pre-verb จะ, ควร, กาํล ั

47 vpost Post-verb แลว้, ได,้ ข้ึน 

48 honm Honorific marker พระ, ทรง, พระราช 

Symbol    

49 sym Symbol +, @, -- 
 

3.1.2 Part-Of-Speech Tagging 

Part-of-speech (POS) is considered as important elements at the morphological 

level that represent the role of token words with syntactic labels such as "verb", "noun", 

and "conjunction" and have essential information at the word level for identifying 

opinion categories. Hence, the Jitar tagging tool (de Kok, 2010/2018) is applied in this 

study to assign the POS label for each word. Jitar is based on a trigram hidden Markov 

model using the NAiST corpus (Kawtrakul A., Kumtanode S., Jamjanya T., & 

Jewriyavech C., 1995) as knowledge for this tool. This corpus consists of 60,511,974 

words collected from Thai magazines and comprise has 49 part-of-speech tag sets in 17 

groups, as listed in Table 3.1. 
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3.1.3 Word Replacement 

Four major problems occur in the customer cosmetic reviews used in this study 

because they are written in an informal style. These problems and some examples are 

given in Table 3.2. Typographical errors and repeated letter problems are solved in the 

word replacement process. 

 

Table 3.2 Problems and Examples of the customer cosmetic reviews 

No Problem Example 

1 Simplified language ชิมิ (ใช่ไหม) 

2 Typographical errors แอลกฮ, เซร็ง, โอเคร 

3 Loan words โอเค, แอลกอฮอล ์

4 Sarcasm  ดีออก, ดีสุด สุดด 

5 Repeated letters ดีมากกกกกก, ค่าาาา 

 

Word replacement reduces typographical errors and words with repeated letters. 

Typographical errors are caused by reviewers’ mistyping, for example, “แอลกอฮอล”์ 

(alcohol) can be mistyped as “แอลกอฮ”, “แอลกอฮอ”, or “แอลกอฮอลล”์, while words with 

repeated letters are caused by reviewers pressing letters repeatedly on the keyboard to 

express their strong opinions. For example, “ดีมากกกกกก” (very good) has repeated “ก” 

five times. The Thai language has a symbol “ๆ” to signify the repetition of the previous 

word. Therefore, “ดีมากกกกกก” is converted to “ดีมากๆๆๆๆๆ”. Word replacement was 

implemented via regular expression rules. In addition, five new POS tag sets were 

defined for punctuation that indicates opinion labels, as reported in Table 3.3. 
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Table 3.3 New POS tag sets 

No NAiST Tag Set New Tag Set 
1 ?/punc ?/Qmark 
2 (/punc or )/punc “/Qparent 
3 ๆ/punc ๆ/Qrepeat 
4 !/punc !/Qexclamation 
5 “/punc or ”/punc or ‘/punc or ’/punc “/Qquote 

 

3.1.4 Stop-word Elimination 

Some extremely common words in a text have little value when identifying 

types of human emotion. These words are called stop-words, which need to be 

eliminated and consist of a set of common words (e.g. a, the, for, at), punctuation (e.g. 

(, ], ?, “), numbers (e.g. 1, 2, 3), and symbols (e.g. %, $, @). The remaining words are 

the main words used by the reviewers to express their opinions. Information from POS 

tagging was used to reduce words that do not express opinions or emotion. There are 

three types of filter comprising 11 POS tags that are words not expressing reviewers’ 

opinions, blanks, and English words for brands or ingredients of products, or reviewers’ 

names. The list of 11 POS tags from six groups is given in Table 3.4. 

  



18 

Table 3.4 The 11 POS tags for stop-word elimination 

No POS Tag Description 
Classifier   

1 cl Classifier 
Noun   

2 ntit Title noun 
3 nlab Label noun 
4 nnum Cardinal number 

Participle   
5 aff Affirmative 
6 part Particle 

Prefix   
7 pref1 Prefix1 
8 pref2 Prefix2 
9 pref3 Prefix3 

Punctuation   
10 punc Punctuation 

Symbol   
11 sym Symbol 
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Table 3.5 Examples of each text preprocessing step 

Process Result Remark 
Input “ivory_caps”_ไม่เห็นไดผ้ลเลยใชม้าจะ_6_ขวดแลว้อ่ะ             

[“ivory caps”, there are not any results, although I 
have used it for 6 bottles] 

underscore (_) 

represents a 
space 

Word 
Segmentation 

“|ivory|_|caps|”|ไม|่เห็น|ได|้ผล|เลย|ใช|้มา|จะ|_|6|_|ขวด|แลว้|อ่ะ| vertical bar (|) 
represents a 
segmented sign 

Part-of-speech 
Tagging 

“/punc|ivory/npn|_/punc|caps/npn|”/punc|_/punc| ไม/่

neg|เห็น/vt|ได/้vpost|ผล/ncn|เลย/part|_/punc|ใช/้vt|มา/

vpost|จะprev|_/punc|6/nnum|_/punc|ขวด/cl|แลว้/vpost|
อ่ะ/aff| 

 

Word Replacement ”/Qquote|ivory/npn|_/punc|caps/npn|”/Qquote| 
_/punc|ไม่/neg|เห็น/vt|ได/้vpost|ผล/ncn|เลย/part|_/puncใช/้

vt|มา/vpost| จะprev|_/punc|6/nnum|_/punc|ขวด/cl|แลว้/

vpost|อ่ะ/aff| 

replace “/punc 
and ”/punc with 
”/Qquote 

Stopword 
Elimination 
 

”/Qquote|”/Qquote|ไม/่neg|เห็น/vt|ได/้vpost|ผล/ncn|เลย/

part|   ใช/้vt|มา/vpost|จะ/prev|แลว้/vpost| 
remove 3 tokens; 
6/nnum|, ขวด/cl|,              
อ่ะ/aff| and 
remove 5 spaces 
and 2 English 
words 

 

3.2 Feature Extraction 
 

Feature extraction is a process to construct a vector space model (VSM) for each 

review. Five feature sets were used in this research for generating a VSM by using a 

corpus- and lexicon-based approach.  

 

3.2.1 Term Weighting 

The term frequency (tf) and inverse document frequency (idf) weighting 

technique (Liu, 2011) was used, where 𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖 is the number of times a term 𝑡𝑡𝑖𝑖 appears in 

document 𝑑𝑑𝑗𝑗  and 𝑓𝑓𝑖𝑖  is the raw frequency count of term 𝑡𝑡𝑖𝑖  in document 𝑑𝑑𝑗𝑗 . The 

normalized 𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖 formula is shown in equation (3.1), where the maximum is computed 

over all terms that appear in the document and |V| is the vocabulary size. 
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𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖 =
𝑓𝑓𝑖𝑖𝑖𝑖

max({𝑓𝑓1𝑗𝑗,𝑓𝑓2𝑗𝑗,…,𝑓𝑓|𝑉𝑉|𝑗𝑗})
 ,       (3-1) 

 

 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is the inverse document frequency of term 𝑡𝑡𝑖𝑖, where 𝑁𝑁 is the total number 

of documents and 𝑑𝑑𝑑𝑑𝑖𝑖  is the number of documents in which term 𝑡𝑡𝑖𝑖  appears.  The 

formula for 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 is shown in equation (3.2) .  The weight 𝑇𝑇𝑇𝑇 − 𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖 can be calculated 

with equation (3.3): 

 

𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖 = log 𝑁𝑁
𝑑𝑑𝑓𝑓𝑖𝑖

 ,          (3-2) 

𝑇𝑇𝑇𝑇 − 𝐼𝐼𝐼𝐼𝐼𝐼𝑖𝑖𝑖𝑖 = 𝑡𝑡𝑡𝑡𝑖𝑖𝑖𝑖 ∗ 𝑖𝑖𝑖𝑖𝑖𝑖𝑖𝑖     (3-3) 

The Tf-Idf of word features creates unigrams and bigrams for calculating the 

Tf-Idf weights: a unigram is the calculated weight for each term in each label for a 

single word and a bigram is the calculated weight for a pair-word. Thus, the Tf-Idf of a 

unigram is called TUW and that of a bigram is called TBW. 

 

3.2.2 Part-of-Speech Weighting 

The weighting for the POS feature is the Tf-Idf that produces the weight for 

each term involving an emotion label by using the POS of a word from the training set. 

This feature consists of Tf-Idf weights for both unigram and bigram POSs (TUP and 

TBP, respectively). 

 

3.2.3 Thai Sentiment Lexicon 

The last subset of features is derived from the Thai sentiment lexicon (TSL) , 

available online (Phatthiyaphaibun W., 2016), which was used to create two attributes 

for identifying positive and negative words from customer’s reviews. These attributes 

consist of 1,031 words where 321 words are positive sentiment lexicon (PSL) that 

express positive sentiment and 710 words are negative sentiment lexicon (NSL) that 

express negative sentiment comprising nouns, verbs, and adjectives represented by two 
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integer attributes: positive_score and negative_score. The example of PSL is “เยีย่มยอด”, 

“ช่วย”, and “สวย” and the example of NSL are “เกลียด”, “เจบ็”, and “น่าเบ่ือ”. List lexicons of 

TSL as shown in in Appendix A. And, the value of positive_score and negative_score 

attribute are calculated according to the pseudocode in Figure 3.2. 

 

 

Figure 3.2 Pseudocode for calculating lexicon score. 

 

3.3 Opinion Classification 
 

In this section, the comparison accuracy between flat and hierarchical of opinion 

filtering classification is proposed by using actual customer’s reviews in Thai as the 

data set. This experiment uses three algorithms, namely the Decision Tree, Multinomial 

Naïve Bayes and Support Vector Machine to identify opinion labels. 

 

3.3.1 Decision Tree 

A decision tree is one of machine learning algorithms for text classification and 

data mining tasks. It generates a model that predicts the value of output classes based 

on attribute variables in training data set. The model consists of internal nodes that 

represent attribute tests and leaf nodes that contain output classes. Decision tree 

algorithms works for both categorical and continuous input and output variables. If 

these values are continuous, they are discretized prior to creating the model. C4.5 sis 

applied as constructing decision tree algorithms and Information Gain is applied in the 

identification of the attribute for the root node in each level. Information gain is 

computed as the decrease in entropy after a data set is split on an attribute and the 

attribute with the highest information gain is selected for the current split. Information 
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gain and entropy can be calculated according to equation (3-4) and (3-5), respectively 

(Salzberg, 1994): 

𝐺𝐺𝐺𝐺𝐺𝐺𝐺𝐺(𝑆𝑆,𝐴𝐴) = 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆) − ∑ |𝑆𝑆𝑖𝑖|
𝑆𝑆

.𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆𝑖𝑖)𝑖𝑖   (3-4) 

 

 𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸𝐸(𝑆𝑆) = ∑ −𝑝𝑝𝑖𝑖𝑙𝑙𝑙𝑙𝑙𝑙2𝑝𝑝𝑖𝑖𝑐𝑐
𝑖𝑖=0     (3-5) 

 

Where S is the training data set, A is the attribute set, p is the proportion of 

instances belonging to class i, and c is the total number of classes. 

 

3.3.2 Multinomial Naïve Bayes 

Multinomial naïve Bayes (McCallum & Nigam, 1998) is a naïve Bayes 

algorithm based in the context of a text document that considers only the appearance of 

a word or term rather than its non-appearance and accounts for multiple repetitions of 

a word. It calculates the conditional probability of observing features 𝑥𝑥1 through 𝑥𝑥𝑛𝑛  

given some class c for 𝑝𝑝(𝑥𝑥𝑖𝑖|c) , as shown in the following equation: 

 

𝑃𝑃(𝑥𝑥1, 𝑥𝑥2, … . , 𝑥𝑥𝑛𝑛|𝑐𝑐).       (3-6) 

 

With the independence assumption, Multinomial naïve Bayes can be expressed as 

 

𝐶𝐶𝑁𝑁𝑁𝑁 = argmax
𝑐𝑐∈𝐶𝐶

𝑃𝑃(𝑐𝑐𝑗𝑗)∏ 𝑃𝑃(𝑥𝑥|𝑐𝑐)𝑥𝑥∈𝑋𝑋 .    (3-7) 

Its application to text classification considering the position of words in a document 

can be derived as 

  

 𝐶𝐶𝑁𝑁𝑁𝑁 = argmax
𝑐𝑐∈𝐶𝐶

𝑃𝑃(𝑐𝑐𝑗𝑗)∏ 𝑃𝑃(𝑥𝑥𝑖𝑖|𝑐𝑐𝑗𝑗)𝑖𝑖∈𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝𝑝 .   (3-8) 

3.3.3 SVM 

Support Vector Machine a supervised learning method relying on the linear 

separation of input data with high dimensions .It represents the training data with 

different categories as points in vector space and uses a margin to define the distance 
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between the separating hyperplane .Hyperplanes are decision boundaries of the data 

points .These data points drop on either side of the hyperplane can be attributed to 

different output class.  And, the dimension of the hyperplane depends upon the number 

of feature sets .Therefore, support vectors machine are data points of training data that 

are closest to the hyperplanes and effect the position and alignment of the hyperplane. 

A kernel function K(x,y) represents the desired notion of similarity between the x and 

y data with the degree of the polynomial as d: 

𝐾𝐾(𝑥𝑥,𝑦𝑦) = ( < 𝑥𝑥,𝑦𝑦 > +1)𝑑𝑑 .      (3-9) 

 

The polynomial kernel in equation  ) 3-9 ( is a kernel function commonly used in 

SVM to represent vectors from training data in a feature space over the polynomials of 

the original variables, thereby allowing the learning of non-linear models  (Liu, 2011; 

Yekkehkhany, Safari, Homayouni, & Hasanlou, 2014) and is applied in this research. 

 



CHAPTER 4 

 

EXPERIMENTAL RESULTS AND EVALUATION 

There is no standard test collection process for free-text reviews. An annotated 

tagged set of the Thai language especially for opinion mining in three levels:  opinion 

labeling consisting of two types (objective and subjective) ; sentiment labeling 

consisting of two types (positive and negative) ; and emotion labeling consisting of six 

labels ( anger, disgust, fear, sadness, happiness, and surprise)  was prepared.  In this 

study, the proposed technique was evaluated and compared against three levels of 

opinion mining by using actual customers’ reviews on cosmetic in Thai. 

 

4.1 Data sets 
 

The data sets used in this research comprised customers’ reviews on cosmetics 

collected from three popular beauty websites: www.lazada.co.th, www.kony.com, and 

www.vanilla.in.th with the total of 2,770 reviews. Each review was annotated by five 

readers who are familiar with the subject matter, and the label with the majority of votes 

was selected as the result. Accordingly, an annotation comprised three levels: opinion 

labeling consisting of two types (objective and subjective); sentiment labeling 

consisting of two types (positive and negative); and emotion labeling consisting of six 

labels (anger, disgust, fear, sadness, happiness, and surprise). Table 4.1 summarizes the 

breakdown of the data set for each level and Table 4.2 lists the characteristics of the 

data set. 
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Table 4.1 Breakdown of the experimental data set by level 

Level Label Type Number of 
reviews Remark 

Level 1 Opinion Objective 138 - 
Subjective 2,632 - 

Level 2 Sentiment Positive 994 Identified from the 
subjective labels Negative 1,638 

Level 3 Emotion Anger 679 Identified from the 
negative labels Disgust 287 

Fear 183 
Sad 559 
Happiness 489 Identified from the 

positive labels Surprise 435 
Total reviews 2,770   

 

Table 4.2 Characteristics of the data set 

Label 
Number of 

reviews 
Example Remark 

Objective 138 สูตรของ Bio-Oil เป็นการผสานกนัของสารสกดัจากพืชและวติามินท่ีอยู่

ในรูปของนํ้ ามนั โดยมีสารประกอบ PurCellin Oil  

ซ่ึงทาํใหสู้ตรของ Bio-Oil มีความบางเบาดูดซึมสู่ผวิง่าย 

[The Bio-Oil formulation is a combination of 

plant extracts and vitamins, suspended in an oil 

base. It contains PurCellin Oil, which makes it 

light and not greasy.] 

 

Subjective 2,632 เน้ือครีมมนัมาก วนัไหนอากาศร้อนตกบ่ายหน้ามนัเยิม้เลย 

[It’s very oily. It turns greasy when the weather is 

hot.] 

 

Positive 994 หลอดนึงใชไ้ดห้ลายเดือนคุม้ค่ามาก 

[A tube lasts for many months. Worth the 

money!] 

 

positive and 

negative labels 

are identified 

from subjective 

labels 
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Table 4.2 (Continued) 

 

Label 
Number 

of reviews 
Example Remark 

Negative 1,638 เน้ือครีมมนัมาก วนัไหนอากาศร้อนตกบ่ายหน้ามนัเยิม้เลย 

[It’s very oily. It turns greasy when the weather 

is hot.] 

 

Anger 679 แยม่าก ของใกลห้มดอาย ุไม่แจง้ให้ทราบ ขวดใหญ่มาก แลว้จดัโปร 1 

แถม 1 ไปอีก ใครจะไปใชท้นั 

[It is very bad. Product was almost expired, but 

they did not tell the customer. The bottle is big 

with buy 1 get 1.  Who can use it all?] 

anger, disgust, 

fear and sadness 

are identified 

from negative 

labels 

Disgust 287 เน้ือครีมมนัมาก วนัไหนอากาศร้อนตกบ่ายหน้ามนัเยิม้เลย 

[It’s very creamy. When the weather is hot, it 

turns greasy.] 

Fear 183 เราใชแ้ลว้แพอ่้ะ แสบตามากๆๆ มนัร้อนบอกไม่ถูก 

[I am allergic to the product. My eyes are very 

irritated.] 

Sadness 559 ตวัน้ีซ้ือมาแอบหวงัเล็กๆ วา่จะดี แต่กลบัเฉยๆ ใชไ้ปไดค้ร่ึงขวด 

 ก็เปล่ียนไปลองยีห่้ออ่ืนแลว้ค่ะ ไม่เห็นผลใดๆ เลย 

[I hoped that this would a good product. But 

after a half of the bottle, I changed to another 

brand. No good.] 

Happiness 489 เน้ือครีมนุ่มมากผวิสัมผสัดี ซึมไว เวลาทาแลว้ทาํให้หนา้ดูนุ่มๆ ขึ้น ผิว

สุขภาพดีขึ้น ไม่แพ ้ไม่มีกล่ินแรงดว้ย 

[The cream is very soft and absorbed into the 

skin quickly. It makes my face look soft and 

healthy skin. No strong smell.] 

happiness and 

surprise are 

identified from 

positive labels 

Surprise 435 หลอดนึงใชไ้ดห้ลายเดือนคุม้ค่ามาก  

[A tube lasts for many months.] 
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4.2 Evaluation Metrics 
 

A confusion matrix was used to describe the effectiveness of the emotion 

classification on testing data with the number of presences of actual and predicted 

classes. All of the measures except for the area under the curve (AUC) were calculated 

by using four parameters: true positive (TP), true negative (TN), false positive (FP), 

and false negative (FN); the definitions of these parameters are given in Table 4.3. 

 

Table 4.3 The classification confusion matrix 

Actual Class 
Predicted Class 

Class=Positive Class=Negative 
Class=Positive TP FN 

Class=Negative FP TN 
 

TPs occur when the predicted and actual positive class is the same. FPs are the 

number of instances where a class is predicted as positive but is actually negative. 

TNs occur when the predicted and actual classes are negative. Last, FNs are when a 

class is predicted as negative but is actually positive. The formulae for precision, 

recall, F-measure, and accuracy are given in equations (4-1) to (4-4): 

 

𝑃𝑃𝑃𝑃𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = 𝑇𝑇𝑇𝑇
(𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹)

 ,      (4-1) 

 

𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐𝑙𝑙𝑙𝑙 = 𝑇𝑇𝑇𝑇
(𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹)

 ,       (4-2) 

 

𝐹𝐹 −𝑚𝑚𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 = (2∗𝑃𝑃𝑃𝑃𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 ∗𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐𝑙𝑙𝑙𝑙 )
(𝑃𝑃𝑃𝑃𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒𝑒 +𝑅𝑅𝑅𝑅𝑐𝑐𝑐𝑐𝑙𝑙𝑙𝑙 )

 ,    (4-3) 

 

𝐴𝐴𝐴𝐴𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 = 100 ∗ (𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇)
(𝑇𝑇𝑇𝑇+𝑇𝑇𝑇𝑇+𝐹𝐹𝐹𝐹+𝐹𝐹𝐹𝐹)

 .     (4-4) 
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4.3 Experimental Evaluation 
 

The feature extraction process generates five feature subsets for emotion 

classification: TUW, TBW, TUP, TBP, and TSL. A decision tree, multinomial naïve 

Bayes, and SVM were used as classifiers. To measure the performances of these 

machine learning algorithms and the effectiveness of three approaches, experiments 

were conducted to randomly separate the data set into five groups. 80% of the data was 

used to construct the models and the remaining 20% was used as the test data. Because 

of the imbalance between the training data and test data, the proposed technique solved 

this problem by finding the maximum size of the output class for each experiment and 

duplicating the data in another output to be equal to this maximum size. For example, 

Approach 1 identified seven labels of opinion analysis consisting of objective opinion 

and six human emotions, namely anger, disgust, fear, sadness, happiness, and surprise. 

The maximize output class was the anger label with 679 rows. Thus, the other labels 

contained duplicated data to make them the same size as the anger label. WEKA 

machine learning software was used with the machine learning algorithms for the 

classification tasks. The experimental results for the five groups by each approach are 

given in Appendix B, while those in this chapter are the averages of precision, recall, 

the F-measure, and accuracy for the five groups. 

The first experiment was on the performance of Approach 1 with six patterns of 

feature sets and the three classification algorithms, the results for which are summarized 

in Table 4.4. We can see that the TBW feature gave the highest performance, especially 

with multinomial naïve Bayes. The highest precision, recall, and F-measure values with 

this approach were 0.689, 0.652, and 0.657, respectively. 
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Table 4.4 The effectiveness of Approach 1 

Classifier Feature Set 
Emotion Classification (7 Labels) 

Precision Recall F-measure 
Decision tree TUW 0.505 0.492 0.493 

 TUW+TSL 0.491 0.483 0.483 

 TUW 0.505 0.492 0.493 

TUW+TSL 0.491 0.483 0.483 

TUW+TSL+TUP 0.499 0.482 0.486 

TBW 0.505 0.494 0.494 

TBW+TSL 0.482 0.468 0.469 

TBW+TSL+TBP 0.492 0.473 0.477 

Multinomial 
Naïve Bayes 

TUW 0.648 0.619 0.625 

TUW+TSL 0.614 0.570 0.570 
TUW+TSL+TUP 0.623 0.590 0.591 

TBW 0.689 0.652 0.657 
TBW+TSL 0.632 0.125 0.134 
TBW+TSL+TBP 0.668 0.190 0.227 

Support 
Vector Machine 

TUW 0.605 0.595 0.596 

TUW+TSL 0.609 0.600 0.600 
TUW+TSL+TUP 0.611 0.604 0.604 
TBW 0.640 0.633 0.632 
TBW+TSL 0.649 0.640 0.639 
TBW+TSL+TBP 0.627 0.619 0.619 

 

The results for Approach 2 (a two-level hierarchy of opinion filtering and 

emotion classification) are summarized in Table 4.5. They show that the 

TBW+TSL+TBP features with SVM had the highest performance in filtering opinions 

with 0.985, 0.986, and 0.984 for precision, recall, and the F-measure, respectively. 

Next, emotion for each opinion was classified, the results of which show that SVM with 

TBW performed the best with 0.688, 0.684, and 0.681 for precision, recall, and the F-

measure, respectively. 
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Table 4.5 The effectiveness of Approach 2 

Classifier Feature set 

Opinion filtering and Emotion classification 

Level 1 Opinion Filtering 
(2 labels) 

Level 2 Emotion 
Classification 

(6 labels) 

Precision Recall 
F-

measure 
Precision Recall 

F-

measure 
Decision 
tree 

TUW 0.963 0.960 0.960 0.515 0.513 0.511 

TUW+TSL 0.966 0.962 0.962 0.488 0.490 0.488 
TUW+TSL+TUP 0.963 0.962 0.962 0.504 0.498 0.499 
TBW 0.962 0.957 0.959 0.496 0.487 0.486 
TBW+TSL 0.965 0.960 0.962 0.501 0.494 0.492 
TBW+TSL+TBP 0.959 0.957 0.958 0.501 0.494 0.488 

Multinomial 
Naïve Bayes 

TUW 0.979 0.969 0.972 0.652 0.624 0.615 

TUW+TSL 0.979 0.968 0.972 0.659 0.635 0.629 
TUW+TSL+TUP 0.982 0.972 0.975 0.651 0.635 0.629 
TBW 0.959 0.697 0.783 0.693 0.426 0.377 
TBW+TSL 0.960 0.734 0.810 0.682 0.449 0.394 
TBW+TSL+TBP 0.962 0.820 0.869 0.648 0.452 0.419 

SVM TUW 0.979 0.980 0.978 0.646 0.643 0.643 
TUW+TSL 0.978 0.979 0.978 0.640 0.635 0.636 
TUW+TSL+TUP 0.982 0.982 0.982 0.635 0.631 0.630 
TBW 0.983 0.983 0.967 0.688 0.684 0.681 
TBW+TSL 0.983 0.983 0.981 0.678 0.673 0.670 
TBW+TSL+TBP 0.985 0.986 0.984 0.668 0.665 0.662 

 

Approach 3 is a three-level hierarchy where the opinions are first filtered as 

subjective or objective, the polarity of the subjective opinions is then identified, and the 

emotion of the opinions with positive or negative polarity is then classified accordingly. 

Its effectiveness on opinion filtering and sentiment classification is reported in Table 

4.6 and the results of classifying positive and negative emotion classification are 

summarized in Table 8. The results of opinion filtering with Approach 3 were in the 

same direction as those for Approach 2; the results in Table 4.6 show that the best 

sentiment filtering configuration was TBW+TSL+TBP and SVM with precision, recall, 

and F-measure values of 0.947, 0.947, and 0.946, respectively. The positive and 

negative opinions were then sent to the positive and the negative emotion classifiers, 

respectively. The results of positive emotion classification show that TUW+TSL+TUP 
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with multinomial naïve Bayes had the highest performance with 0.768, 0.765, and 0.764 

of precision, recall, and the F-measure, respectively. Last, the results of negative 

emotion classification show that TUW with Multinomial Naïve Bayes gave the highest 

precision values of 0.723 and TUW+TSL with SVM gave the highest performance with 

0.709, and 0.705 of recall and F-measure measures, respectively. 
 

Table 4.6 The effectiveness of opinion filtering and sentiment filtering by Approach 3 

Classifier Feature set 

Level 1 Opinion Filtering 
(2 labels) 

Level 2 Sentiment Filtering 
(2 labels) 

Precision Recall 
F-

measure 
Precision Recall 

F-

measure 
Decision tree TUW 0.963 0.960 0.960 0.812 0.802 0.804 

TUW+TSL 0.966 0.962 0.962 0.823 0.806 0.808 
TUW+TSL+TUP 0.963 0.962 0.962 0.770 0.764 0.766 
TBW 0.962 0.957 0.959 0.807 0.791 0.793 
TBW+TSL 0.965 0.960 0.962 0.805 0.787 0.789 
TBW+TSL+TBP 0.959 0.957 0.958 0.808 0.795 0.797 

Multinomial 
Naïve Bayes 

TUW 0.979 0.969 0.972 0.878 0.878 0.878 

TUW+TSL 0.979 0.968 0.972 0.865 0.863 0.864 
TUW+TSL+TUP 0.982 0.972 0.975 0.864 0.863 0.864 
TBW 0.959 0.697 0.783 0.902 0.897 0.895 
TBW+TSL 0.960 0.734 0.810 0.906 0.905 0.904 
TBW+TSL+TBP 0.962 0.820 0.869 0.868 0.867 0.865 

SVM TUW 0.979 0.980 0.978 0.878 0.875 0.875 

TUW+TSL 0.978 0.979 0.978 0.885 0.882 0.883 
TUW+TSL+TUP 0.982 0.982 0.982 0.881 0.878 0.879 
TBW 0.983 0.983 0.967 0.932 0.932 0.932 
TBW+TSL 0.983 0.983 0.981 0.939 0.939 0.939 
TBW+TSL+TBP 0.985 0.986 0.984 0.947 0.947 0.946 
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Table 4.7 The effectiveness of positive and negative classification by Approach 3 

Classifier Feature set 

Opinion filtering, Sentiment filtering and Emotion 
classification 

Level 3-1 Positive emotion 
classification 

(2 labels) 

Level 3-2 Negative emotion 
classification 

(4 labels) 

Precision Recall 
F-

measure 
Precision Recall 

F-

measure 
Decision tree TUW 0.675 0.673 0.672 0.624 0.618 0.617 
 TUW+TSL 0.613 0.612 0.610 0.627 0.618 0.618 
 TUW+TSL+TUP 0.584 0.582 0.575 0.631 0.618 0.615 
 TBW 0.635 0.633 0.630 0.625 0.612 0.608 
 TBW+TSL 0.637 0.633 0.628 0.636 0.612 0.608 
 TBW+TSL+TBP 0.655 0.653 0.651 0.625 0.618 0.619 
Multinomial 
Naïve Bayes 

TUW 0.757 0.745 0.741 0.723 0.703 0.699 
TUW+TSL 0.765 0.755 0.752 0.707 0.691 0.685 
TUW+TSL+TUP 0.768 0.765 0.764 0.718 0.697 0.688 
TBW 0.733 0.602 0.531 0.680 0.558 0.516 
TBW+TSL 0.733 0.602 0.531 0.671 0.570 0.534 
TBW+TSL+TBP 0.689 0.684 0.680 0.658 0.564 0.524 

SVM TUW 0.695 0.694 0.693 0.701 0.703 0.700 
TUW+TSL 0.695 0.694 0.693 0.702 0.703 0.700 
TUW+TSL+TUP 0.717 0.714 0.713 0.694 0.697 0.693 
TBW 0.664 0.663 0.662 0.712 0.703 0.698 
TBW+TSL 0.654 0.653 0.652 0.719 0.709 0.705 
TBW+TSL+TBP 0.663 0.663 0.663 0.711 0.703 0.699 

 

Table 4.8 compares the performance between the two-level hierarchical 

classification (Approach 2) and the three-level hierarchical classification (Approach 3) 

using the feature sets and algorithms that yielded the highest accuracy according to 

Tables 4.5, 4.6, and 4.7. The results show that Approach 3 attained the highest 

performance with an accuracy of 69.60%. According to the precision and F-measure 

values, Approach 3 achieved a higher performance in classifying sentiment and 

emotions than Approach 2, although for some emotion labels, the recall of Approach 2 

was higher than Approach 3. Table 4.9 comprises a comparison between Approach 1 

and Approach 3. For all of the negative emotion labels (anger, disgust, fear, sadness) 

and a positive emotion label (happiness), Approach 3 achieved higher precision than 
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Approach 1. For objective opinions, sadness, and happiness, Approach 1 achieved 

higher recall than Approach 3. 

 

Table 4.8 A comparison of the effectiveness of the hierarchical emotion 

classification approaches 

Label 
Approach 2 Approach 3 

Precision Recall 
F-

measure 
Precision Recall 

F-

measure 
Objective 0.769 1.000 0.870 1.000 0.769 0.870 

Anger 0.844 0.692 0.761 0.844 0.667 0.745 

Disgust 0.724 0.750 0.737 0.808 0.724 0.764 
Fear 0.500 0.769 0.606 0.526 0.769 0.625 
Sadness 0.652 0.732 0.690 0.547 0.630 0.586 
Happiness 0.654 0.607 0.630 0.700 0.673 0.686 
Surprise 0.592 0.617 0.604 0.646 0.738 0.689 

Accuracy 68.50% 69.60% 

 

Table 4.9 A comparison of the effectiveness of Approach 3 and Approach 1 

Level Label 
Approach 3 Approach 1 

Precision Recall 
F-

measure 
Precision Recall 

F-

measure 

Level 1 
Opinion label 

Objective 1.000 0.769 0.870 1.000 0.786 0.880 

Subjective 0.989 1.000 0.994 

 
Level 2 
Sentiment label 
(based on result of 
level 1) 

Positive 0.939 0.975 0.957 

Negative 0.959 0.904 0.931 

Level 3 
Emotion label 
(based on result of 
level 2) 

Anger 0.844 0.667 0.745 0.769 0.694 0.730 

Disgust 0.808 0.724 0.764 0.800 0.556 0.656 

Fear 0.526 0.769 0.625 0.500 0.538 0.519 

Sadness 0.547 0.630 0.586 0.530 0.714 0.609 

Happiness 0.700 0.673 0.686 0.633 0.717 0.673 

Surprise 0.646 0.738 0.689 0.656 0.583 0.618 

Accuracy   69.60%   65.20% 



CHAPTER 5 

 

CONCLUSIONS AND FUTURE WORK 

5.1 Conclusions 
 

In this dissertation, a hierarchical classification of the emotion expressed in 

cosmetic reviews written in Thai is presented. The proposed framework begins by 

extracting important words that express the reviewers’ opinions and represents each 

review with a set of features consisting of the characteristics of unigrams and bigrams 

with and without POS tagging and TSL. Three approaches for emotion classification 

are proposed and were studied in detail by the direct emotional classification of review 

texts: opinion filtering and the emotional classification of subjective opinions, and a 

hierarchical approach to opinion filtering, opinion polarity identification, and emotion 

classification. In each step, decision tree, SVM, and multinomial naïve Bayes were used 

as classifiers. A set of experiments was conducted to evaluate the effectiveness of the 

three approaches on a collection of actual informal free-text reviews acquired from the 

Internet. The results show that Approach 3 achieved the best performance with highest 

performance with an accuracy of 69.60%. Furthermore, the TBW feature was found to 

be the most effective feature subset to tackle this problem overall when filtering 

opinions, determining polarity, and classifying negative emotions. Lexicon resources 

such as TSL and the POS tag set in the morphology level improved the accuracy of the 

opinion filtering in Approaches 2 and 3. SVM achieved the highest performance in 

identifying objective versus subjective opinions and positive versus negative sentiment, 

while multinomial naïve Bayes was the best for identifying closely related emotions 

such as happiness versus surprise in positive emotion classification. 

There are four main reasons for incorrect classification. First, Thai word 

segmentation and POS tagging may be inaccurate due to the complexity of the Thai 

language. Second, there are ambiguities in the TSL, thus the scores for PSL and NSL 
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may not relate to the actual answer. For example, the anger emotion label appears in 

the PSL more often than the NSL. Some reviews are sarcastic, “ดีจริงจร๊ิงเลย แป้งยีห่้อน้ี” [this 

face powder is good]. This review had a negative sentiment because it was sarcastic. 

Third, the TSL consists only of two labels (positive and negative), thus it is not 

sufficient to classify emotions. Last, bigrams cannot detect patterns of word pairs whose 

distance is further than two words, especially negative words. For example, a positive 

review [ไม|่เหนียว| เหนอะ|หนะ|] can generate three bigrams: “ไม่เหนียว”, “เหนียวเหนอะ”, and 

“เหนอะหนะ”. The word “ไม่” [not] is a negative word: “ไม่เหนียว” expresses positive 

sentiment, but “เหนียวเหนอะ” and “เหนอะหนะ” express negative sentiment. The result for 

sentiment from the entire opinion is thus negative since the weight of the negative 

bigram is higher than the weight of the positive one. Thus, using bigrams is not effective 

in handling this type of problem. 

 

5.2 Future Work 
 

In future work, there could be five feature sets in this framework. To improve 

the accuracy of the experiments, this framework could increase the other feature sets 

and apply them in the feature extraction process. Examples of feature sets are the scores 

for word co-occurrences (word pairs), Thai ontology, a thesaurus similar to Roget’s 

Thesaurus for the English language, and using trigrams and other n-grams via the bag-

of-words approach rather than bigrams. To increase the effectiveness to the TSL 

feature, this framework would increase the size of both the positive and negative word 

lexicons, much like the Senti-Wordnet database. 

Because TSL consists only of two labels (positive and negative), it is not 

sufficient for classifying emotions. Thus, a Thai emotion lexicon that is annotated with 

seven labels (objective opinion and anger, disgust, fear, sadness, happiness, and 

surprise) similar to the Wordnet lexicon for the English language is needed. Thai 

opinion summarization following the expression of opinion and emotion by customers 

is a challenging task because the emotion expressed in the review can give feedback on 

both the quality and quantity of a product that can affect the profits and image of a 

company. Last, applying this proposed technique to other electronic commerce 
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businesses such as mobile network operators, hotels, and tourism would be an 

interesting task. 
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Appendix A 

 

Thai sentiment lexicon 

Table A1 List of positive lexicons 

 

No Positive lexicon No Positive lexicon No Positive lexicon 
1 เกียรติ 108 ความเอาใจใส่ 215 มงคลสมรส 
2 เขา้ตา 109 ความเอ้ือเฟ้ือ 216 มนุญ 
3 เขา้ตากรรมการ 110 ความเอ้ืออาทร 217 มหศัจรรย ์
4 เคารพ 111 ความแขง็แรง 218 มหศัจรรยใ์จ 
5 เงียบสงบ 112 ความช่ืนชม 219 มหา 
6 เจอ 113 ความช่ืนชมยนิดี 220 มอน 
7 เช่ียวชาญ 114 ความช่ืนชอบ 221 มัง่คัง่ 
8 เช่ือฟัง 115 ความช่ืนบาน 222 มัง่มี 
9 เช่ือมัน่ 116 ความดี 223 มัน่คง 
10 เด่น 117 ความดีใจ 224 มัน่อกมัน่ใจ 
11 เตม็ 118 ความดีงาม 225 มากมาย 
12 เนน้ 119 ความทดัเทียม 226 มีเงินทอง 
13 เบา 120 ความรัก 227 มีเงินมีทอง 
14 เบาใจ 121 ความสงบ 228 มีเหตุผล 
15 เบิกบาน 122 ความสุข 229 มีความยนิดี 
16 เป็นกลาง 123 ควา้รางวลั 230 มีความรู้ 
17 เป็นกนัเอง 124 คาํนึงถึง 231 มีความหวงั 
18 เพราเพริศ 125 คิดถึง 232 มีชีวิตชีวา 
19 เพราพร้ิง 126 คุณค่า 233 มีชีวิตรอด 
20 เพริศแพร้ว 127 คุม้ครอง 234 มีช่ือ 
21 เพริศพราย 128 คุม้ครองรักษา 235 มีช่ือเสียง 
22 เพลิดเพลิน 129 งดงาม 236 มีประโยชน์ 
23 เพา 130 จริง 237 มีประสิทธิผล 
24 เมตตา 131 ฉลาด 238 มีประสิทธิภาพ 
25 เยีย่ม 132 ชนะ 239 มีอิสรภาพ 
26 เยีย่มยอด 133 ช่วย 240 ยอดเยีย่ม 
27 เร็ว 134 ชอบ 241 ยงัชีพ 
28 เร้า 135 ชอบดว้ยกฎหมาย 242 ยิม้ 
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Table A1 (Continued) 

 

No Positive lexicon No Positive lexicon No Positive lexicon 

29 เรียน 136 ชอบธรรม 243 ยุย้ 
30 เรือง 137 ชดัเจน 244 รจนา 
31 เล่น 138 ชดัแจง้ 245 รวดเร็ว 
32 เล่อ 139 ชดัแจ๋ว 246 รอบคอบ 
33 เสถียรภาพ 140 ชดัถอ้ยชดัคาํ 247 รอยยิม้ 
34 เสมอ 141 ชุ่มช้ืน 248 ระวงั 
35 เสริมสร้าง 142 ซาบซ้ึง 249 รัก 
36 เห็นดว้ย 143 ซ่ือสตัย ์ 250 รักษา 
37 เหมาะเจาะ 144 ดี 251 รักสงบ 
38 เหมาะสม 145 ดีใจ 252 ร่ํารวย 
39 เหลือเช่ือ 146 ดูแลเอาใจใส่ 253 รุ่ง 
40 เอาใจเขามาใส่ใจเรา 147 ดูแลตวัเอง 254 รุ่งเรือง 
41 เอาใจใส่ 148 ดูแลรักษา 255 รุ่งโรจน์ 
42 เฮง 149 ตกลง 256 ลงตวั 
43 แขง็ 150 ตงฉิน 257 ลอยด 
44 แขง็แกร่ง 151 ตรง 258 ละเอียด 
45 แขง็แรง 152 ตามควร 259 ละมุน 
46 แขง็ขนั 153 ติดตาม 260 ละมุนละม่อม 
47 แจ่ม 154 ต่ืนเตน้ 261 ลํ้าเลิศ 
48 แจ่มใส 155 ถูก 262 ลึกซ้ึง 
49 แถม 156 ถูกกาลเทศะ 263 วาว 
50 แท ้ 157 ทน 264 วิรุฬห์ 
51 แน่ 158 ทรหด 265 ศานติ 
52 แน่แน่ว 159 ทนัสมยั 266 ศุกร 
53 แน่ชดั 160 ทาํบุญ 267 สงบ 
54 แน่ว 161 ทาํบุญทาํทาน 268 สด 
55 แน่วแน่ 162 ทาํลายสถิติ 269 สดใส 
56 แปล ้ 163 ทาํสาํเร็จ 270 สนใจ 
57 แล ้ 164 ท่ีเช่ือถือได ้ 271 สนใจไยดี 
58 โดดเด่น 165 ท่ีปลอดภยั 272 สนิท 
59 โต 166 ทุ่มเท 273 สนิทสนม 
60 โปรด 167 นมสัการ 274 สนุก 
61 โรแมนติก 168 นวล 275 สนุกสนาน 
62 โอชะ 169 นบัถือ 276 สบาย 
63 ใจรัก 170 น่ากอด 277 สมจริง 
64 ใส 171 น่านบัถือ 278 สมดุล 
65 ใส่ใจ 172 น่าประทบัใจ 279 สมบูรณ์ 
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66 ให้กาํลงัใจ 173 น่าประหลาด 280 สรรเสริญ 
67 ให้ความร่วมมือ 174 น่าพอใจ 281 สร้าง 
68 ให้ความสนใจ 175 น่าพึงพอใจ 282 สร้างสรรค ์
69 ใหญ่โต 176 น่าฟัง 283 สวย 
70 ไม่เคย 177 น่าภาคภูมิใจ 284 สวยงาม 
71 ไม่เป็นอนัตราย 178 น่ามหศัจรรย ์ 285 สห 
72 ไม่ไดย้อมแพ ้ 179 น่ายกยอ่ง 286 สะดวก 
73 ไม่หวัน่ 180 น่ายนิดี 287 สะอาด 
74 กตเวที 181 น่ารัก 288 สณัห์ 
75 กตญั�ู 182 น่าร่ืนรมย ์ 289 สาํเร็จ 
76 กรวด 183 นิรโทษ 290 สาํรวม 
77 กรวดนํ้า 184 นุ่ม 291 สุก 
78 กระตือรือร้น 185 นูน 292 สุข 
79 กราบ 186 บริบูรณ์ 293 สุขสนัต ์
80 กรุณา 187 บวก 294 สุขี 
81 กรุ่ม 188 บอ้งแบว๊ 295 สุภาพ 
82 กลบัใจ 189 บาํรุง 296 สูง 
83 กลา้ 190 ปรองดอง 297 สูงส่ง 
84 กลา้หาญ 191 ประชาธิปไตย  298 หนาแน่น 
85 กอด 192 ประณีต 299 หนุน 
86 กนัเอง 193 ประดิษฐ 300 หนุ่มแน่น 
87 การันตี 194 ประดิษฐ์ 301 หยดุน่ิง 
88 กา้ว 195 ประทบัใจ 302 หวาน 
89 กา้วหนา้ 196 ประมาณ 303 หอม 
90 กาํลงัใจ 197 ประหยดั 304 หายาก 
91 ขยนัหมัน่เพียร 198 ประหลาด 305 อดทน 
92 ขอบใจ 199 ปราดเปรียว 306 อดออม 
93 ขอบคุณ 200 ปลอดภยั 307 อติ 
94 ขอพร 201 ปลัง่ 308 อธิ 
95 ขาํ 202 ปาฏิหาริย ์ 309 อนุโมทนา 
96 คณิกา 203 ผอ่ง 310 อนุมติั 
97 คบคา้ 204 ผอ่งใส 311 อบอุ่น 
98 คบหา 205 พบ 312 อยา่ 
99 คบหาสมาคม 206 พร้อม 313 อร่อย 
100 ครึกคร้ืน 207 พร้ิงเพรา 314 อ่อนโยน 
101 คร้ืนครึก 208 พอใจ 315 อศัจรรย ์

102 คล่องแคล่ว 209 พะงา 316 อิษฏ ์ 
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103 คล่องตวั 210 พิทกัษ ์ 317 อึด 
104 คล่องมือ 211 พนู 318 อุ่นใจ 
105 ความเช่ือมัน่ 212 ฟรี 319 อุม้ชู 
106 ความเช่ือมัน่ในตนเอง 213 ภูมิใจ 320 ฮอ้ 
107 ความเป็นกลาง 214 มงคล 321 ฮา 

Table A2 List of negative lexicons 

 

No Negative lexicon No Negative lexicon No Negative lexicon 
1 เกเร 238 ขดัใจ 475 ทาํเป็นเล่น 
2 เกร็ง 239 ขดัขวาง 476 ทาํเป็นทองไม่รู้ร้อน 
3 เกรงใจ 240 ขดัขอ้ง 477 ทาํเล่นๆ 
4 เกรงกลวั 241 ขดัขืน 478 ทาํเอาเจบ็ 
5 เกรียน 242 ขดัสมาธิ 479 ทาํโดยพลการ 
6 เกลียด 243 ขบัไล่ 480 ทาํใจไม่ได ้
7 เกล่ือน 244 ขบัไล่ไสส่ง 481 ทาํบาป 
8 เกิน 245 ขาดแคลน 482 ทาํบาปทาํกรรม 
9 เกียจคร้าน 246 ขาดทุน 483 ทาํมิดีมิร้าย 
10 เขว้ียง 247 ขายข้ีหนา้ 484 ทาํร้าย 
11 เข่ีย 248 ขายชาติ 485 ทาํลายขวญั 
12 เคน้ 249 ขายหนา้ 486 ทาํลายลา้ง 
13 เคร่ง 250 ขาลง 487 ทาํสงคราม 
14 เคร่งเครียด 251 ข้ี 488 ทาํอนัตราย 
15 เคร่งขรึม 252 ข้ีโม ้ 489 ทิ้งขวา้ง 
16 เคราะห์ซํ้ากรรมซดั 253 ข้ีขลาด 490 ทิ้งๆ ขวา้งๆ 
17 เครียด 254 ข้ีขา้ 491 ท่ือ 
18 เคียดแคน้ 255 ขีดฆ่า 492 ทุเรศ 
19 เคือง 256 ข้ีอาย 493 ทุกขย์าก 
20 เฆ่ียน 257 ขืน 494 ทุจริต 
21 เงอะงะ 258 ขืนใจ 495 ทุบ 
22 เง่ียน 259 ขุ่น 496 ทุบตี 
23 เจบ็ 260 ขู่ 497 นอกใจ 
24 เจบ็ใจ 261 ขู่เขญ็ 498 นอ้ย 
25 เจบ็ไข ้ 262 ขดูรีด 499 นกัเลง 

26 เจบ็ปวด 263 คงขาด 500 น่าเบ่ือ 
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27 เจือ 264 คดโกง 501 น่าเวทนา 
28 เจือจาง 265 คดงอ 502 น่ากลวั 
29 เฉโก 266 คต 503 น่าย 
30 เฉ่ือย 267 คบไม่ได ้ 504 นํ้าท่วม 
31 เซ 268 คบชู ้ 505 บกพร่อง 
32 เซ็ง 269 คบชูสู่้ชาย 506 บด 
33 เซ่อ 270 คมคาย 507 บ่น 
34 เซา 271 ครหา 508 บรรลยั 
35 เณรคุณ 272 ครอบงาํ 509 บ่อน 
36 เดา 273 คระเมิม 510 บ่อนทาํลาย 
37 เดียรดาษ 274 คระหาย 511 บา้ 
38 เดือด 275 คลาดเคล่ือน 512 บาด 
39 เดือดดาล 276 คล่ืนไส้ 513 บาดหมาง 
40 เดือดร้อน 277 คลุมเครือ 514 บานปลาย 
41 เต้ีย 278 คลุมถุงชน 515 บิด 
42 เท 279 ควา้นํ้าเหลว 516 บิดเบือน 
43 เทกระจาด 280 ความเคร่งเครียด 517 บ่ิน 
44 เทจ็ 281 ความเดือดร้อน 518 บุ๋ม 
45 เทียม 282 ความไม่แน่นอน 519 ปฏิเสธ 
46 เนรคุณ 283 ความขมข่ืน 520 ปด 
47 เบน 284 ความขมุกขมวั 521 ปน 
48 เบ่ียง 285 ความขอ้งใจ 522 ประจาน 
49 เบียด 286 ความขุ่นเคือง 523 ประจาร 
50 เบียดเบียน 287 ความฉิบหาย 524 ประชด 
51 เบ่ือ 288 ความชัว่ชา้ 525 ประชดประชนั 
52 เบ่ือหนา้ 289 ความซํ้าซ้อน 526 ประณาม 
53 เป็นไปไม่ได ้ 290 ความด้ือ 527 ประทว้ง 
54 เป็นลม 291 ความทรุดโทรม 528 ประมาท 
55 เปล่าเปล่ียว 292 ความผิดพลาด 529 ปรับ 
56 เปลือง 293 ความลึกลบั 530 ปรัมปรา 
57 เปียก 294 ความสูญเสีย 531 ปราบ 
58 เป่ือย 295 ความหงุดหงิด 532 ปราบปราม 
59 เผด็จการ 296 ความหดหู่ 533 ปรํา 
60 เผด็ร้อน 297 ควํ่า 534 ปลง 
61 เผน่ 298 ควํ่าบาตร 535 ปลงใจ 

62 เผล 299 คอร์รัปชนั 536 ปลงชีวิต 

63 เพ้ียน 300 คอรัปชนั 537 ปลน้ 
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64 เมา 301 คะนอง 538 ปลน้สะดม 
65 เม่ือย 302 คดั 539 ปลอม 
66 เยาะเยย้ 303 คดัคา้น 540 ปลอมปน 
67 เลว 304 คบั 541 ปวด 
68 เศร้า 305 คบัแค 542 ป่วย 
69 เศร้าโศก 306 คบัแคน้ 543 ป้อ 
70 เศร้าใจ 307 คบัแคน้ใจ 544 ปะทะ 
71 เศร้าซึม 308 คบัแคบ 545 ปะปน 
72 เสแสร้ง 309 คบัใจ 546 ปากเสีย 
73 เสีย 310 คบัคัง่ 547 ปากหมา 
74 เสียใจ 311 คบัอกคบัใจ 548 ปาด 
75 เสียกาํลงั 312 คาใจ 549 ปาดคอ 
76 เสียกาํลงัใจ 313 คา้ง 550 ปาราชิก 
77 เส่ียง 314 คา้งคา 551 ผรุส 
78 เส่ือมเสีย 315 คา้งคาใจ 552 ผลกั 
79 เส่ือมโทรม 316 คา้งชาํระ 553 ผดั 
80 เหงา 317 คาดโทษ 554 ผดัวนัประกนัพรุ่ง 
81 เหน่ือย 318 คิดมาก 555 ผา่ 
82 เหมน็ 319 คิดมิดีมิร้าย 556 ผิด 
83 เหล่ือมลํ้า 320 คิดร้าย 557 ผิดคาํพดู 
84 เห้ีย 321 คุก 558 ผิดคาํสตัย ์
85 เหียก 322 คุกเข่า 559 ผิดจงัหวะ 
86 เห้ียมโหด 323 คุม้เกรง 560 ผิดจารีตประเพณี 
87 เอน 324 คุมขงั 561 ผิดหวงั 
88 เอาแต่ใจตวัเอง 325 คุมตวั 562 ฝืน 
89 แก่ 326 ฆ่า 563 พด 
90 แก่งแยง่ 327 ฆ่าแกง 564 พล่าน 
91 แกวง่ 328 ฆ่าไม่ตายขายไม่ขาด 565 พงัทลาย 
92 แคน้ 329 ฆาต 566 พงัพินาศ 
93 แคบ 330 ฆ่าตดัตอน 567 พงัยบัเยนิ 
94 แซว 331 ฆ่าฟัน 568 พิการ 
95 แซะ 332 ฆ่ายกครัว 569 พี 
96 แดก 333 ฆ่าลา้งโคตร 570 ฟก 
97 แดกดนั 334 งก 571 ฟาง 

98 แทง 335 งง 572 ฟุ้งเฟ้อ 

99 แทงใจดาํ 336 งงงวย 573 ฟุ้งซ่าน 

100 แทงคอ 337 งด 574 ฟุ่ มเฟือย 
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101 แปร่ง 338 งอ 575 ภาวะมลพิษ 
102 แผลง 339 งอแง 576 ภาวะวิกฤติ 
103 แพง 340 จก 577 ภาวะสงคราม 
104 แฟบ 341 จน 578 มดเทจ็ 
105 แม่ง 342 จม 579 มว้นหนา้ 
106 แย ่ 343 จงัไร 580 มอมเมา 
107 แยจ่งั 344 จญัไร 581 มอมเหลา้ 
108 แยม่าก 345 จบักุม 582 มัว่ 
109 แหย 346 จาํโซ่ 583 มัว่ซัว่ 
110 โกง 347 จาํกดั 584 มัว่น่ิม 
111 โกหก 348 จาํนาํ 585 มัว่สุม 
112 โง่ 349 จิก 586 มวัหมอง 
113 โดน 350 จิตตก 587 มากเกินไป 
114 โทรม 351 ฉ้อ 588 มีโทษ 
115 โบย้ 352 ฉ่ี 589 มีความผิด 
116 โป๊ 353 ฉีก 590 มีชู ้
117 โมเม 354 ฉุนเฉียว 591 มีปัญหา 
118 โมโห 355 ฉูดฉาด 592 มืด 
119 โย ้ 356 ชก 593 ยอมแพ ้
120 โรคจิต 357 ชดใช ้ 594 ยบั 
121 โลเล 358 ช่วงชิง 595 ยาก 
122 โสโครก 359 ช็อก 596 ยากจน 
123 โสมม 360 ชอบกล 597 ย ํา่แย ่
124 โหดเห้ียม 361 ชะงกั 598 ยดื 
125 โหดร้าย 362 ชะงดั 599 ยุง่เหยงิ 
126 โหยหา 363 ชะลอ 600 รกเร้ือ 
127 ใคร่ครวญ 364 ชกั 601 ร่วงโรย 
128 ใจร้อน 365 ชกัใย 602 ร่อแร่ 
129 ใจลอย 366 ชกักระตุก 603 ร้องเรียน 
130 ใจสลาย 367 ชงั 604 ร้องไห้ 
131 ให้การเทจ็ 368 ชัง่แม่ง 605 ร้อนตวั 
132 ไซ ้ 369 ชดัชา้ 606 รังเกียจ 
133 ไดเ้สีย 370 ชัว่ 607 รัดกุม 

134 ไฟไหม ้ 371 ชัว่ร้าย 608 ร้าย 

135 ไม่เกรงใจ 372 ชา้ 609 ร้ายกาจ 

136 ไม่เขา้กนั 373 ช่างมนั 610 ร้าว 

137 ไม่เจียมกะลาหวั 374 ชํ้าใจ 611 ร้าวราน 
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138 ไม่เช่ือ 375 ชิง 612 ริบ 
139 ไม่เพียงพอ 376 ชิงชงั 613 รุกรุย 
140 ไม่เห็นค่า 377 ชิงดีชิงเด่น 614 รุนแรง 
141 ไม่เห็นดว้ย 378 ชิงนรกเกิด 615 รุม 
142 ไม่เหมาะสม 379 ชิงสุกก่อนห่าม 616 รุมลอ้ม 
143 ไม่เอาไหน 380 ชิงหมาเกิด 617 รุ่ยร่าย 
144 ไม่ใช่ 381 ชูส้าว 618 ลดเกียรติ 
145 ไม่ไดเ้ร่ือง 382 ซวย 619 ลบ 
146 ไม่ไวใ้จ 383 ซ่อน 620 ลม้ 
147 ไม่ไวว้างใจ 384 ซบัซอ้น 621 ลม้เหลว 
148 ไม่ไวห้นา้ใคร 385 ซํ้า 622 ล่มจม 
149 ไม่ไหว 386 ซํ้าเติม 623 ล่มสลาย 
150 ไม่ดี 387 ซํ้าซอ้น 624 ล่วงประเวณี 
151 ไม่ทน 388 ซํ้าร้าย 625 ล่วงละเมิด 
152 ไม่มี 389 ซึม 626 ล่อแหลม 
153 ไม่มีแรง 390 ซึมซาบ 627 ละเลย 
154 ไม่มีใคร 391 ซุก 628 ละเห่ียใจ 
155 ไม่มีการศึกษา 392 ซุกซน 629 ลกั 
156 ไม่มีทางรักษา 393 ซุกซ่อน 630 ลงัเล 
157 ไม่มีนํ้าใจ 394 ดรามา 631 ลาตาย 
158 ไม่มีสติ 395 ดราม่า 632 ลา้สมยั 
159 ไม่มีอารมณ์ 396 ดอ้ย 633 ลํ้า 
160 ไม่ยติุธรรม 397 ดดัสนัดาน 634 ลาํบาก 
161 ไม่รู้ไม่ช้ี 398 ดบั 635 ลาํบากใจ 
162 ไม่รู้คุณ 399 ด่า 636 ลึกลบั 
163 ไม่รู้จบรู้ส้ิน 400 ด่ากลบั 637 ลืม 
164 ไม่รู้สึกตวั 401 ด่าทอ 638 วา่ยาก 
165 ไม่ลงตวั 402 ด้ิน 639 วิเวก 
166 ไม่ลงรอย 403 ด้ือ 640 วิกฤติ 
167 ไม่ลงรอยกนั 404 ด้ือดึง 641 วิปโยค 
168 ไม่สน 405 ดุ 642 วิประโยค 
169 ไม่สบายใจ 406 ดุดนั 643 วุน่วาย 

170 ไม่สมควร 407 ดุร้าย 644 วุน่วายใจ 

171 ไม่สมฐานะ 408 ดูแคลน 645 สงสาร 

172 ไม่สมบูรณ์ 409 ดูไม่ได ้ 646 สลดใจ 

173 ไม่สมํ่าเสมอ 410 ดูถูก 647 สละสิทธ์ิ 

174 ไม่สวย 411 ดูถูกดูแคลน 648 สลวั 
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175 ไม่สะไม่สวย 412 ดูหม่ิน 649 สวก 
176 ไม่อร่อย 413 ดูหม่ินถ่ินแคลน 650 สวะ 
177 ไร้ผล 414 ตก 651 สะเหล่อ 
178 ไร้สาระ 415 ตกใจ 652 สั้น 
179 ไล่ออก 416 ตกงาน 653 สนัหลงัยาว 
180 ไหม ้ 417 ตกนรกทั้งเป็น 654 สบัปลบั 
181 ไอ ้ 418 ตกมา้ตาย 655 สบัสน 
182 ไอเ้วร 419 ตกหลุม 656 สบัสนวุน่วาย 
183 ไอบ้า้ 420 ตกหลุมพราง 657 สพัเพเหระ 
184 กดข่ี 421 ตบ 658 ส้ินสติ 
185 กดดนั 422 ตบตา 659 ส้ินหวงั 
186 กดราคา 423 ตรงขา้ม 660 สึนามิ 
187 กดหวั 424 ตรม 661 สูญ 
188 กรรโชก 425 ตระหน่ีถ่ีเหนียว 662 หงุดหงิด 
189 กระเซอะกระเซิง 426 ตราหนา้ 663 หดหู่ 
190 กระแทก 427 ตอแหล 664 หดหู่ใจ 
191 กระแทกกระทั้น 428 ต่อตา้น 665 หนา้ดา้น 
192 กระจุกกระจิก 429 ตอบโต ้ 666 หนาว 
193 กระชาก 430 ต่อย 667 หมดกาํลงั 
194 กระดาน 431 ต่อสู ้ 668 หมดกาํลงัใจ 
195 กระตุกหนวดเสือ 432 ตะลุมบอน 669 หมดความรู้สึก 
196 กระทาํชาํเรา 433 ตั้งแง่ 670 หมดค่า 
197 กระทาํอนาจาร 434 ตดั 671 หมดจิตหมดใจ 
198 กระทืบ 435 ตดัขาด 672 หมดตวั 
199 กระวนกระวาย 436 ตดัพอ้ 673 หมองมวั 
200 กระสบักระส่าย 437 ตดัพอ้ต่อวา่ 674 หม่ิน 
201 กระหาย 438 ตาขาว 675 หยอก 
202 กระห่ึม 439 ตา้น 676 หยาบ 
203 กระอกั 440 ตาย 677 หร่ี 
204 กราดเกร้ียว 441 ตายดา้น 678 หลง 
205 กร่ิงใจ 442 ตายดาบหน้า 679 หลบหนี 

206 กลัน่แกลง้ 443 ตาลาย 680 หวงห้าม 

207 กลวั 444 ตํ่า 681 ห่วย 

208 กล่าวหา 445 ตํ่าตอ้ย 682 หวะ 

209 กลุม้ใจ 446 ตาํหนิ 683 หวิว 

210 กวน 447 ติ 684 หวัสูง 

211 กวนตีน 448 ติเตียน 685 หายไป 



51 

Table A2 (Continued) 

 

No Negative lexicon No Negative lexicon No Negative lexicon 

212 กวาดลา้ง 449 ติดเช้ือ 686 หึง 
213 ก่อกรรมทาํเขญ็ 450 ติดขดั 687 อกแตก 
214 ก่อกวน 451 ติดคุก 688 อกคราก 
215 ก่อความวุน่วาย 452 ตี 689 อกจะแตก 
216 กอบโกย 453 ตีกิน 690 อกตญั�ู 
217 กกั 454 ตึงเครียด 691 อกหกั 
218 กกัขงั 455 ถวลั 692 องควิการ 
219 กงัขา 456 ถอน 693 อดไม่ไหว 
220 กงัวล 457 ถอยหลงั 694 อดตาย 
221 กดั 458 ถีบ 695 อดนอน 
222 กา้วก่าย 459 ถึงฆาต 696 อดหลบัอดนอน 
223 กาํเริบ 460 ถุย 697 อยา่งเคร่งเครียด 
224 กาํกวม 461 ถุยนํ้าลาย 698 อลชัชี 
225 กาํจดั 462 ทนไม่ไหว 699 อว้ก 
226 ขโมย 463 ทรมาน 700 อว้น 
227 ขม 464 ทรยศ 701 อ๋อง 
228 ข่ม 465 ทรหด 702 อ่อนเพลีย 
229 ข่มขวญั 466 ทราม 703 อนัตราย 
230 ข่มข่ี 467 ทรุด 704 อมัพาต 
231 ข่มขืน 468 ท่วม 705 อาํเภอใจ 
232 ข่มขู่ 469 ทอ้ 706 อิจฉาริษยา 
233 ขวาง 470 ทอ้แท ้ 707 อีห่า 
234 ขวางโลก 471 ทะล่ึง 708 อึดอดั 
235 ขอโทษ 472 ทะลุ 709 อ้ือฉาว 
236 ขงั 473 ทกัทว้ง 710 ฮือ 
237 ขดัแยง้ 474 ทาส   
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Appendix B 

 

Additional of experimental results 

Table B1 The effectiveness of Approach 1 on five groups of data sets 

 

Feature 

Emotion Classification (7 Labels) 

Multinomial Naïve Bayes 
Support 

Vector Machine Decision tree 

Precision Recall F-Measure Accuracy Precision Recall F-Measure Accuracy Precision Recall F-Measure Accuracy 
TUW_num1 0.655 0.608 0.616 60.81% 0.605 0.593 0.596 59.34% 0.473 0.447 0.450 44.69% 

TUW_num2 0.643 0.630 0.630 63.00% 0.610 0.608 0.605 60.81% 0.553 0.549 0.549 54.95% 

TUW_num3 0.635 0.604 0.613 60.44% 0.598 0.582 0.584 58.24% 0.505 0.492 0.493 49.55% 

TUW_num4 0.643 0.612 0.620 61.17% 0.611 0.608 0.606 60.81% 0.472 0.473 0.471 47.25% 

TUW_num5 0.666 0.641 0.646 64.10% 0.599 0.586 0.589 58.61% 0.521 0.498 0.500 49.82% 

AVG-TUW 0.648 0.619 0.625 61.90% 0.605 0.595 0.596 59.56% 0.505 0.492 0.493 49.25% 

TUW+TSL_num1 0.634 0.553 0.558 55.31% 0.619 0.608 0.610 60.81% 0.497 0.480 0.483 47.99% 
TUW+TSL_num2 0.616 0.579 0.573 57.88% 0.614 0.612 0.609 61.17% 0.534 0.535 0.531 53.48% 
TUW+TSL_num3 0.586 0.549 0.552 54.95% 0.605 0.590 0.592 58.97% 0.442 0.436 0.434 43.59% 
TUW+TSL_num4 0.587 0.557 0.552 55.68% 0.588 0.586 0.584 58.61% 0.504 0.495 0.493 49.45% 
TUW+TSL_num5 0.648 0.612 0.614 61.17% 0.617 0.604 0.606 60.44% 0.480 0.469 0.472 46.89% 

AVG-TUW+TSL 0.614 0.570 0.570 57.00% 0.609 0.600 0.600 60.00% 0.491 0.483 0.483 48.28% 
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Table B1 (Continued) 

 

Feature 

Emotion Classification (7 Labels) 

Multinomial Naïve Bayes 
Support 

Vector Machine Decision tree 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TUW+TSL+TUP_num1 0.655 0.608 0.616 60.81% 0.605 0.593 0.596 59.34% 0.496 0.469 0.476 47.50% 
TUW+TSL+TUP_num2 0.596 0.546 0.548 54.58% 0.617 0.590 0.592 58.97% 0.497 0.469 0.477 48.30% 
TUW+TSL+TUP_num3 0.627 0.590 0.591 58.97% 0.601 0.614 0.614 60.35% 0.500 0.469 0.476 48.60% 
TUW+TSL+TUP_num4 0.587 0.575 0.568 57.51% 0.608 0.602 0.607 61.17% 0.492 0.487 0.488 49.50% 
TUW+TSL+TUP_num5 0.652 0.630 0.631 63.00% 0.624 0.619 0.612 61.90% 0.508 0.491 0.494 49.08% 
AVG-TUW+TSL+TUP 0.623 0.590 0.591 58.97% 0.611 0.604 0.604 60.35% 0.499 0.477 0.482 48.60% 
TBW_num1 0.677 0.619 0.627 61.90% 0.653 0.634 0.635 63.37% 0.526 0.516 0.517 51.65% 
TBW_num2 0.681 0.652 0.655 65.20% 0.656 0.652 0.649 65.20% 0.561 0.542 0.547 54.21% 
TBW_num3 0.692 0.659 0.663 65.93% 0.643 0.634 0.635 63.37% 0.435 0.421 0.420 42.12% 
TBW_num4 0.680 0.652 0.657 65.20% 0.610 0.613 0.628 61.17% 0.499 0.495 0.493 49.45% 
TBW_num5 0.713 0.678 0.682 67.77% 0.640 0.632 0.619 63.28% 0.502 0.495 0.494 42.12% 
AVG-TBW 0.689 0.652 0.657 65.20% 0.640 0.633 0.633 63.28% 0.505 0.494 0.494 47.91% 
TBW+TSL_num1 0.689 0.110 0.111 10.99% 0.661 0.645 0.646 64.47% 0.479 0.465 0.465 46.52% 
TBW+TSL_num2 0.565 0.147 0.167 14.65% 0.653 0.648 0.645 64.84% 0.508 0.498 0.498 49.82% 
TBW+TSL_num3 0.581 0.114 0.116 11.36% 0.641 0.634 0.634 63.37% 0.485 0.458 0.463 45.79% 
TBW+TSL_num4 0.581 0.114 0.116 11.36% 0.602 0.604 0.599 60.44% 0.458 0.462 0.457 46.15% 
TBW+TSL_num5 0.744 0.139 0.161 13.92% 0.688 0.667 0.670 66.67% 0.478 0.458 0.460 45.79% 
AVG-TBW+TSL 0.632 0.125 0.134 12.45% 0.649 0.640 0.639 63.96% 0.482 0.468 0.469 46.81% 
TBW+TSL+TBP_num1 0.721 0.179 0.218 17.95% 0.649 0.637 0.638 63.74% 0.525 0.509 0.511 50.92% 
TBW+TSL+TBP_num2 0.667 0.183 0.212 18.32% 0.619 0.601 0.606 60.07% 0.492 0.451 0.463 45.05% 
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Table B1 (Continued) 

 

Feature 

Emotion Classification (7 Labels) 

Multinomial Naïve Bayes 
Support 

Vector Machine Decision tree 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TBW+TSL+TBP_num3 0.667 0.190 0.227 19.05% 0.638 0.630 0.631 63.00% 0.485 0.458 0.463 45.79% 
TBW+TSL+TBP_num4 0.578 0.194 0.227 19.41% 0.621 0.618 0.611 60.81% 0.481 0.473 0.474 47.25% 
TBW+TSL+TBP_num5 0.707 0.205 0.251 20.51% 0.607 0.609 0.609 61.90% 0.477 0.473 0.472 47.25% 
AVG-TBW+TSL+TBP 0.668 0.190 0.227 19.05% 0.627 0.619 0.619 61.90% 0.492 0.473 0.477 47.25% 

Table B2 The effectiveness of Opinion Filtering by Approach 2 on five groups of data sets 

 

Feature 

Level 1 Opinion Filtering (2 labels: Objective, Subjective) 

Multinomial Naïve Bayes 
Support 

Vector Machine Decision tree 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TUW_num1 0.980 0.974 0.976 97.44% 0.968 0.971 0.968 97.07% 0.958 0.960 0.959 95.97% 
TUW_num2 0.974 0.967 0.970 96.70% 0.989 0.989 0.989 98.90% 0.966 0.963 0.965 96.34% 
TUW_num3 0.979 0.963 0.968 96.34% 0.969 0.971 0.970 97.07% 0.959 0.963 0.960 96.34% 
TUW_num4 0.981 0.967 0.971 96.70% 0.993 0.993 0.993 99.27% 0.952 0.934 0.941 93.41% 
TUW_num5 0.980 0.974 0.976 97.44% 0.975 0.974 0.970 97.44% 0.979 0.978 0.975 97.80% 
AVG-TUW 0.979 0.969 0.972 96.92% 0.979 0.980 0.978 97.95% 0.963 0.960 0.960 95.97% 
TUW+TSL_num1 0.982 0.978 0.979 97.80% 0.968 0.971 0.968 97.07% 0.958 0.960 0.959 95.97% 
TUW+TSL_num2 0.977 0.967 0.970 96.70% 0.989 0.988 0.988 98.90% 0.971 0.967 0.969 96.70% 
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Table B2 (Continued) 

 

Feature 

Level 1 Opinion Filtering (2 labels: Objective, Subjective) 

Multinomial Naïve Bayes 
Support 

Vector Machine Decision tree 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TUW+TSL_num3 0.977 0.956 0.962 95.60% 0.969 0.971 0.970 97.07% 0.968 0.971 0.968 97.07% 
TUW+TSL_num4 0.979 0.963 0.968 96.34% 0.993 0.993 0.993 99.27% 0.952 0.934 0.941 93.41% 
TUW+TSL_num5 0.980 0.978 0.979 97.80% 0.972 0.974 0.971 97.44% 0.979 0.978 0.975 97.80% 
AVG-TUW+TSL 0.979 0.968 0.972 96.85% 0.978 0.979 0.978 97.95% 0.966 0.962 0.962 96.19% 
TUW+TSL+TUP_num1 0.979 0.963 0.968 96.34% 0.972 0.974 0.973 97.44% 0.973 0.971 0.972 97.07% 
TUW+TSL+TUP_num2 0.987 0.982 0.983 98.17% 0.989 0.989 0.988 98.90% 0.964 0.967 0.965 96.70% 
TUW+TSL+TUP_num3 0.979 0.963 0.968 96.34% 0.973 0.974 0.974 97.44% 0.949 0.949 0.949 94.87% 
TUW+TSL+TUP_num4 0.983 0.974 0.977 97.44% 0.993 0.993 0.993 99.27% 0.968 0.967 0.968 96.70% 
TUW+TSL+TUP_num5 0.980 0.978 0.979 95.24% 0.982 0.982 0.980 98.17% 0.959 0.956 0.958 95.60% 
AVG-TUW+TSL+TUP 0.982 0.972 0.975 96.70% 0.982 0.982 0.982 98.24% 0.963 0.962 0.962 96.19% 
TBW_num1 0.959 0.714 0.796 71.43% 0.979 0.978 0.975 97.80% 0.973 0.971 0.972 97.07% 
TBW_num2 0.958 0.667 0.761 66.67% 0.989 0.989 0.988 98.90% 0.968 0.967 0.968 96.70% 
TBW_num3 0.959 0.722 0.801 72.16% 0.981 0.982 0.981 98.17% 0.954 0.952 0.953 95.24% 
TBW_num4 0.959 0.696 0.783 69.60% 0.993 0.993 0.919 99.27% 0.967 0.945 0.953 94.51% 
TBW_num5 0.959 0.685 0.775 68.50% 0.975 0.974 0.970 97.44% 0.949 0.949 0.949 94.87% 
AVG-TBW 0.959 0.697 0.783 69.67% 0.983 0.983 0.967 98.32% 0.962 0.957 0.959 95.68% 
TBW+TSL_num1 0.961 0.769 0.835 76.92% 0.979 0.978 0.975 97.80% 0.973 0.971 0.972 97.07% 
TBW+TSL_num2 0.959 0.714 0.796 71.43% 0.989 0.989 0.988 98.90% 0.973 0.971 0.972 97.07% 
TBW+TSL_num3 0.959 0.718 0.799 71.79% 0.981 0.982 0.981 98.17% 0.963 0.963 0.963 96.34% 
TBW+TSL_num4 0.960 0.736 0.812 73.63% 0.993 0.993 0.993 99.27% 0.967 0.945 0.953 94.51% 



 
56 

Table B2 (Continued) 

 

Feature 

Level 1 Opinion Filtering (2 labels: Objective, Subjective) 

Multinomial Naïve Bayes 
Support 

Vector Machine Decision tree 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TBW+TSL_num5 0.960 0.733 0.809 73.26% 0.975 0.974 0.970 97.44% 0.949 0.949 0.949 94.87% 
AVG-TBW+TSL 0.960 0.734 0.810 73.41% 0.983 0.983 0.981 98.32% 0.965 0.960 0.962 95.97% 
TBW+TSL+TBP_num1 0.962 0.817 0.867 81.69% 0.982 0.982 0.980 98.17% 0.966 0.967 0.966 96.70% 
TBW+TSL+TBP_num2 0.962 0.821 0.870 82.05% 0.989 0.989 0.988 98.90% 0.951 0.952 0.951 95.24% 
TBW+TSL+TBP_num3 0.963 0.835 0.880 83.52% 0.981 0.982 0.981 98.17% 0.955 0.945 0.949 94.51% 
TBW+TSL+TBP_num4 0.961 0.784 0.845 78.39% 0.993 0.993 0.993 99.27% 0.963 0.963 0.963 96.34% 
TBW+TSL+TBP_num5 0.963 0.842 0.884 84.25% 0.982 0.982 0.980 98.17% 0.961 0.960 0.960 95.97% 
AVG-TBW+TSL+TBP 0.962 0.820 0.869 81.98% 0.985 0.986 0.984 98.53% 0.959 0.957 0.958 95.75% 

Table B3 The effectiveness of Emotion Classification in Approach 2 with SVM and TBW+TSL+TBP feature 

 

Feature 

Level 2 Emotion Classification (6 labels: Anger, Disgust, Fear, Sad, Happy and Surprise) 
Multinomial-Naïve Bayes SVM Decision tree 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TUW_num2 0.652 0.624 0.615 62.36% 0.646 0.643 0.643 64.26% 0.515 0.513 0.511 51.33% 
TUW+TSL_num2 0.659 0.635 0.629 63.50% 0.64 0.635 0.636 63.50% 0.488 0.490 0.488 49.05% 
TUW+TSL_num2 0.651 0.635 0.629 63.50% 0.635 0.631 0.63 63.12% 0.504 0.498 0.499 49.81% 
TBW_num2 0.693 0.426 0.377 42.59% 0.688 0.684 0.681 68.44% 0.496 0.487 0.486 48.67% 
TBW+TSL_num2 0.682 0.449 0.394 44.87% 0.678 0.673 0.670 67.30% 0.501 0.494 0.492 49.43% 
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Table B3 (Continued) 

 

Feature 

Level 2 Emotion Classification (6 labels: Anger, Disgust, Fear, Sad, Happy and Surprise) 
Multinomial-Naïve Bayes SVM Decision tree 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TBW+TSL+TBP_num2 0.648 0.452 0.419 45.25% 0.668 0.665 0.662 66.54% 0.501 0.494 0.488 49.43% 

Table B4 The effectiveness of Sentiment Filtering in Approach 3 based on result of SVM and TBW+TSL+TBP feature 

 

Feature 

Level 2 Sentiment Filtering (2 labels: Negative, Positive) 
Multinomial-Naïve Bayes SVM Decision tree 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TUW_num2 0.878 0.878 0.878 87.83% 0.878 0.875 0.875 87.45% 0.812 0.802 0.804 80.23% 
TUW+TSL_num2 0.865 0.863 0.864 86.31% 0.885 0.882 0.883 88.21% 0.823 0.806 0.808 80.61% 
TUW+TSL_TUP_num2 0.864 0.863 0.864 86.31% 0.881 0.878 0.879 87.83% 0.77 0.764 0.766 76.43% 
TBW_num2 0.902 0.897 0.895 89.73% 0.932 0.932 0.932 93.16% 0.807 0.791 0.793 79.09% 
TBW+TSL_num2 0.906 0.905 0.904 90.49% 0.939 0.939 0.939 93.92% 0.805 0.787 0.789 78.71% 
TBW+TSL+TBP_num2 0.868 0.867 0.865 86.69% 0.947 0.947 0.946 94.68% 0.808 0.795 0.797 79.47% 

 

 

 

 



 
58 

Table B5 The effectiveness of Positive emotion classification in Approach 3 based on result of SVM with TBW+TSL+TBP feature  

 

Feature 

Level 3-1 Positive emotion classification (2 labels: Happy Versus Surprise) 
Multinomial-Naïve Bayes SVM Decision tree 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TUW_num2 0.757 0.745 0.741 0.745 0.695 0.694 0.693 0.694 0.675 0.673 0.672 0.673 
TUW+TSL_num2 0.765 0.755 0.752 0.755 0.695 0.694 0.693 0.694 0.613 0.612 0.610 0.612 
TUW+TSL_TUP_num2 0.768 0.765 0.764 0.765 0.717 0.714 0.713 0.714 0.584 0.582 0.575 0.582 
TBW_num2 0.733 0.602 0.531 0.602 0.664 0.663 0.662 0.663 0.635 0.633 0.630 0.633 
TBW+TSL_num2 0.733 0.602 0.531 0.602 0.654 0.653 0.652 0.653 0.637 0.633 0.628 0.633 
TBW+TSL+TBP_num2 0.689 0.684 0.680 0.684 0.663 0.663 0.663 0.663 0.655 0.653 0.651 0.653 

Table B6 The effectiveness of Negative emotion classification in Approach 3 based on result of SVM with TBW+TSL+TBP feature  

 

Feature 

Level 3-2 Negative emotion classification (4 labels: Anger, Disgust, Fear and Sad) 
Multinomial-Naïve Bayes SVM Multinomial-Naïve Bayes 

Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy Precision Recall 
F-

Measure Accuracy 
TUW_num2 0.723 0.703 0.699 70.303% 0.701 0.703 0.700 70.303% 0.624 0.618 0.617 61.818% 
TUW+TSL_num2 0.707 0.691 0.685 69.091% 0.702 0.703 0.700 70.303% 0.627 0.618 0.618 61.818% 
TUW+TSL_TUP_num2 0.722 0.697 0.688 69.697% 0.694 0.697 0.693 69.697% 0.631 0.618 0.615 61.818% 
TBW_num2 0.68 0.558 0.516 55.758% 0.712 0.703 0.698 70.303% 0.625 0.612 0.608 61.212% 
TBW+TSL_num2 0.671 0.57 0.534 56.970% 0.719 0.709 0.705 70.909% 0.636 0.612 0.608 61.212% 
TBW+TSL+TBP_num2 0.658 0.564 0.524 56.364% 0.711 0.703 0.699 70.303% 0.625 0.618 0.619 61.818% 
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