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ABSTRACT

Title of Dissertation Human Emotion Recognition in Thai Short Text
Author Miss Jirawan Charoensuk
Degree Doctor of Philosophy (Computer Science and

Information Systems)
Year 2018

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)

naive 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
naive 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



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,



visualization, and overall feature score. A diagram of the subjective analysis research

area is shown in Figure 2.1.

[ Subjective analysis }

——| 1.5entiment classification ‘

1) Identification |—{ subjective/Object

Binary-classes
(Positive/Negative)

2) Classification

Multi-classes
(Positive/Neutral/Negative

4| 2.0pinnion summarization ‘

\—‘ 3) Aggregation Text summarization |

Visualization |

Overall/Feature scores |

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



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.
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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: Gunesand 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



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), Naive 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 Naive Bayes



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.

Level O

Text
Level 1 [ Neutral ] [ Emotional ]
|
I I I I - 1
Level 3 [Distressed Surprised [ Fearful ] [ Angry ] [ DISgduste Found [JDVFUI
[ [ [ [ | | |
Sad Surprised Panic Angry Dissatisfied Favoured Calm
Disappointed Frightened Annayed Trustful Ha
Level4 Guilty Shy Doubtful Praiseful
Missed Hateful wishful

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



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.

Intention Example

SaTAUMT Happy Bonus 1I"i’1|'.|'fa'h1u'~a: Sulriuil 1 0z

The new service fee for Happy Bonus will start on the 1st of this manth.
Announcement : - :

Lslwun nyw... Sugasu liviwifine 1 a0, aren 24 Talus

Mew promotion!! True Move.., Best-deal SIM, 1 satang / secend all day and night

aiinlaLSns Call Screening aalala CC TaIney

I can't apply far Call Screening myself. CC (Call Cantar), pleass help me.
Request i -

FUMIRCC Alsvuﬂuﬁ:..LEu'luTﬂ':ﬁwﬁmui'_J'lnu'lu;s {--177

AIS Call Center, plaase.. My pre-paid balance has gone missing without a clue 77

Tnsdwrmng sevindulnuwendvess ais sedlmenmseslnnwiy
I lost my phone. To get a new SIM card, what documents are required?
Question
Tulautas one-2-cal 'ﬂ".li]fun’lu'l.-;u'mq&i'rﬁu
Which promotion package of one-2-call allows the longest call waiting time?
wihangun DTAC dielwmesufunlpadggrmdni lneewnzuusTs

Negative
Very annoyed. DTAC, whan will you improve the signal? Especially on the BTS.

Sentiment | ) —
vEURLATUTY 1w AIS serenade call canter UszviulanTu
Positive N _

Thank you to the operator at AlS serenade call center. Very impressive.

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, Naive 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.

THAI TEXT CLASS
T uanfui ANGER
sauaufarusafuihndann e windadud FEAR
gaddiivwanofar pfdediuniaway 55 Jo¥
sauihuinquikd LA fiEuiiedadu LOVE
wanladiniulila aluls iasaisnng SADMESS
Tasadadzivnasdonsaindod SURPRISE

Figure 2.6 Example of Thai customers 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.

B — Approach 1 Emotion classification

Output
Reviews (7 labels)

L 7 ——
Thai Sentiment
lexicon

Features
Extraction Happiness

Objeactive

Anger

A

Text Preprocessing

Emotion Disgust

classification Fear

Word Segmentation

Sadness

Part-Of-Speech Tagging (|

Word Replacement Surprise

Stopword Elimination
Approach 2 Opinion filtering

Approach 3 Opinion filtering, Sentiment filtering and Emotion classification
And Emotion classification

Output (2 labels)
Opinion Opinion
filtering

filtering

Output
(6 labels)

Output (2 labels) l 1 Anger

Negative

Sentiment Disgust
Filtering Output
(2 labels) Fear

Emotion
Output Objective classification Sadness
(4 labels)

Anger Subjective Happiness

Positive

!

Positive
Emotion
classification

Negative
Emotion Pt
classification

Disgust Surprise

Fear

Output (2 labels) Sadness

Happiness

Surprise

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 yd, 1, ow
Adverb

2 adv Adverb 1, e, mull

3 advml Adverb markerl GEAN

4 advm?2 Adverb marker2 i

5 advm3 Adverb marker3 Ty

6 advm4 Adverb marker4 an

7 advmb Adverb marker5 mu
Classifier

8 cl Classifier g, e, ¥IA



Table 3.1 (Continued)

14

No. POS Tag  Description Example Word
Conjunction
9 conj Conjunction uaz, vi3e, 1y
10 conjd Double conjunction ..z, i, .
Noun clause

11 conjncl conjunction N, ldun, 1
Determiner

12 det Determiner i, i, W,

13 indet Indefinite determiner ln, 8u, othals
Idiom

14 idm Idiom dounnng
Injection

15 int Interjection 182, qu, 150

16 neg Negative i, 13
Noun

17 npn Proper Noun 201A03, LA, ANUUAS

18 nnum Cardinal number wils, @eq, aw

19 norm Ordinal Number Marker #

20 nlab Label noun 1,2,1)

21 ncn Common noun Hu, U3, daunaw

22 nct Collective noun i, ngu, 1N

23 ntit Title noun WY, WN, WNEAM
Particle

24  aff Affirmative Az, 9,

25 part Particle iin, ifhudu
Passive voice
marker

26 psm Passive voice marker qn, lau
Preposition

27 prep Preposition i, Tag, 7

28 prepc Co-preposition sewa.f, daud. auda
Prefix

29 prefl Prefix1 M3, A

30 pref2 Prefix2 f, 1in

31 pref3 Prefix3 %17
Pronoun

32 pper Personal pronoun 11, 159, WY

33 pdem Demonstrative pronoun fl, o, v



Table 3.1 (Continued)

15

No. POS Tag  Description Example Word
34 pind Indefinite pronoun lns, d1s, 1
35 ppos Possessive pronoun VDI, VU
36 prfx Reflexive pronoun 104, A0
37 prec Reciprocal pronoun i
38 prel Relative pronoun f, &, 6
39 pint Interrogative pronoun v, ezls, edwls
Punctuation
40 punc Punctuation G ?
Verb
41 i Intransitive verb N3z3ANIEA1Y, WA, ud
42 vt Transitive verb ngan, aq, Teu
43 vcau Causative verb T, ¥ild
Complementary state
44 vcs verb i, og, fio
45 vex Existential verb i
46 prev Pre-verb g, 173, Ma
47 vpost Post-verb udn, 18, W
48 honm Honorific marker Wig, N3, WITTY
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 51 (a5l

2 Typographical errors ueana, 134, o3

3 Loan words Toin, uoanssod

4 Sarcasm foon, Aga gan

5} Repeated letters Aunnnnnn, AN

Word replacement reduces typographical errors and words with repeated letters.

Typographical errors are caused by reviewers’ mistyping, for example, “ieaneses”
(alcohol) can be mistyped as “ueanes”, “uoanese”, Or “ueansseas’, While words with

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

(1% [T

express their strong opinions. For example, “aunnnnnn” (very good) has repeated “n
five times. The Thai language has a symbol “4” to signify the repetition of the previous

word. Therefore, “Gunnnnnn” is converted to “Gunaqq9q”. 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 ypunc «<Qparent

3 q/punc 7/Qrepeat

4 /punc yQexclamation
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.
(1?2 ), 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.
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Table 34 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 prefl Prefix1

8 pref2 Prefix2

9 pref3 Prefix3

Punctuation

10 punc Punctuation
Symbol

11 sym Symbol
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Table 35 Examples of each text preprocessing step

Process Result Remark
Input “<ivory_caps~_liiinldnameldunnz_s_vraudies underscore ()
[«ivory caps-, there are not any results, although | represents a
have used it for 6 bottles) space
Word <livory|_|caps|| || 18]wa|as|19]n|az|_|6]_|vialuda|ez|  vertical bar ()

Segmentation

Part-of-speech
Tagging

Word Replacement

Stopword
Elimination

«punclivorynpn|_spunc|capsmpn|zpunc|_/punc| i
neg|wiuvt|1dvpost|wancn|ie/part]_punclsnvt|uy
vpost|azprev|_punc|6/nnum|_spunclvacljudrvpost|
oz/aff]|
~Qquotelivorynpn|_spunc|capsnpn|»Qquote|
_/punc|hineg|iuvt|1dvpost|wa/ncn|ae/part|_puncls
Vthnavpost| azprev|_spunc|6nnum|_punclvacl|udy
vpost|ez/aff]
~Qquote|Qquote|lineg|iuvt|18vpost|wancn|iaes
part| 1#vtluvvpost|sz/previudvpost|

represents a
segmented sign

replace <punc
and »punc with
~Qquote

remove 3 tokens;
6/nnum|, wa/cl|,
av/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 tf;; is the number of times a term ¢; appears in

document d; and f; is the raw frequency count of term ¢; in document d;. The

normalized tf;; 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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fij
max({fljﬂfzjf""f“/lj}) ’

idf; is the inverse document frequency of term ¢t;, where N is the total number
of documents and df; is the number of documents in which term ¢; appears. The
formula for idf; is shown in equation (3.2). The weight Tf — Idf;; can be calculated

with equation (3.3):
. N
idf; = logﬁ, (3-2)

Tf - Idf ;= tfy; * idf, (3-3)

The Tf-1df of word features creates unigrams and bigrams for calculating the
Tf-1df 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 “@susen”,
“490”, and “a2w” and the example of NSL are “inaua”, “$u”, and “uuile”. 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.

Input: a sequential token word (w, ) in each review

Output: summary of positive score and summary of negative score
Initial value: positive score = 0, negative score = 0

if (token w, , € PSL) the positive_score++

else if (token w, , € NSL) then negative score++

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

Naive 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):

Gain(S,A) = Entropy(S) — Zii—i'.Entropy(Si) (3-4)

Entropy(S) = Y-, —pilog.p; (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 Naive Bayes

Multinomial naive Bayes (McCallum & Nigam, 1998) is a naive 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 x, through x,,

given some class ¢ for p(x;|c) , as shown in the following equation:
P(xq, %5, .., Xn|C). (3-6)
With the independence assumption, Multinomial naive Bayes can be expressed as

P(x|c). (3-7)

xXEX

C\p = argmax P(cj) [1
ceC

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

can be derived as

Cyp = argmax P(cj) ]_[l-eposm-onP(xi|cj). (3-8)
ceC
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:

K(x,y)=(<x,y>+1)% (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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Level Label Type Num_ber of Remark
reviews
Level1 ~ Opinion  QObjective 138
Subjective 2,632
Level 2 Sentiment Positive 994 |dentified from the
Negative 1,638 subjective labels
Level 3 Emotion  Anger 679 Identified from the
Disgust 287 negative labels
Fear 183
Sad 559
Happiness 489 |dentified from the
Surprise 435 positive labels
Total reviews 2,770

Table 4.2 Characteristics of the data set

Label

Number of

reviews

Example

Remark

Objective

Subjective

Positive

138

2,632

994

H H I [ o a a { '
gasves Bio-Oil dlumswanuiuvesensadanniisuazdmiiniiod

Tugthosiiu Taefimsisznew PurCellin Oil

Fahgasves Bio-Oil fanumnangadugiaie

[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.]

& o o ' o 2
Weasuiuun au'lwummﬁ?auﬂnmwﬂmuwmaEJ

[1t’s very oily. It turns greasy when the weather is

hot.]

=< o ¥ =) Y '
'Wﬁ@ﬂuﬂ‘ﬁ‘lﬂﬂﬁwmﬂuﬂNﬂWN1ﬂ

positive and

[A tube lasts for many months. Worth the negative labels

money!]

are identified
from subjective

labels
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Label Number Example Remark
of reviews

Negative 1,638 domtuiiunn flwueimadeuantheniiiudinas
[It’s very oily. It turns greasy when the weather
is hot.]

Anger 679 udinn vealndnuaeng Tindaldnsu vaalnajun udrdalils 1 anger, disgust,
ow 1 'an Tases 18t fear and sadness
[Itis very bad. Product was almost expired, but are identififzd
they did not tell the customer. The bottle is big from negative
with buy 1 get 1. Who can use it all?] labels

Disgust 287 demsuiunn Sulnuomadounnthenisiudas
[It’s very creamy. When the weather is hot, it
turns greasy.]

Fear 183 i ldudutey naumuing fudouven hign
[I am allergic to the product. My eyes are very
irritated.]

Sadness 559 Fidououn Tudng 119ed uandumen 191 1¢rE qun
Anldoulasatiesuudin: Timunalen e
[I hoped that this would a good product. But
after a half of the bottle, | changed to another
brand. No good.]

Happiness 489 dormnjmnnindudad Fu'l namudnhldmieuun fu i happiness and
quawaths Tsiuol Wislodusedae surprise are
[The cream is very soft and absorbed into the identified from
skin quickly. It makes my face look soft and positive labels
healthy skin. No strong smell.]

Surprise 435 vaoaillFldnaredeuduamin

[A tube lasts for many months.]




27

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

Predicted Class

Actual 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):

TP

Precision = TP 4-1)
TP
Recall = TPirP)’ (4-2)

2*xPrecision *Recall
F — measure = &2k ) (4-3)
(Precision +Recall)

(TP+TN)
(TP+TN+FP+FN)’

Accuracy = 100 * (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 naive

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 naive 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 44 The effectiveness of Approach 1

Emotion Classification (7 Labels)

Classifier Feature Set Precision Recall F-measure
Decision tree TUW 0.505 0492 0.493
TUW-TSL 0491 0483 0483
TUW 0505 0492 0493
TUW-TSL 0491 0483 0483
TUW-TSL-TUP 0499 0482 0486
TBW 0505 0494 0494
TBW-TSL 0482 0.468 0.469
TBW-TSL+TBP 0492 0473 0477
Multinomial TUW 0648 0619 0625
Naive Bayes
y TUW-TSL 0614 0570 0570
TUW-TSL+TUP 0623 0590 0591
TBW 0.689 0.652 0657
TBW-TSL 0632 0.125 0134
TBW-TSL+TBP 0668 0.190 0.227
Support TUW 0.605 0595 0.596
Vector Machine
TUW-TSL 0.609 0.600 0.600
TUW-TSL+TUP 0611 0.604 0.604
TBW 0.640 0.633 0632
TBW-TSL 0649 0.640 0639
TBW-TSL+TBP 0627 0619 0619

The results for Approach 2 (a two-level hierarchy of opinion filtering and
in Table 4.5. They show that the
TBW+TSL+TBP features with SVM had the highest performance in filtering opinions

emotion classification) are summarized

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 45 The effectiveness of Approach 2

Opinion filtering and Emotion classification

Level 1 Opinion Filtering Level 2 Emotion

ifi Classification
Classifier Feature set (2 labels) (6 labels)
Precision  Recall F Precision  Recall

measure measure

Decision TUW 0963 0960 0.960 0515 0513 0511

tree TUW-TSL 0966 0962 0.962 0488 0490 0488

TUW-TSL+TUP 0963 0962 0.962 0504 0498 0499

TBW 0962 0957 0959 0496 0487 0486

TBW-TSL 0965 0960 0.962 0501 0494 0492

TBW-TSL+TBP 0959 0957 0958 0501 0494 0488

Multinomial 1w 0979 0969 0972 0652 0624 0615
Naive Bayes

TUW-TSL 0979 0968 0972 0659 0635 0629

TUW-TSL+TUP 0982 0972 0975 0651 0635 0629

TBW 0959 0697 0.783 0693 0426 0377

TBW-TSL 0960 0734 0810 0682 0449 0394

TBW-TSL+TBP 0962 0820 0.869 0648 0452 0419

SVM TUW 0979 0980 0978 0646 0643 0643

TUW-TSL 0978 0979 0978 0640 0635 0636

TUW-TSL+TUP 0982 0982 0.982 0635 0631 0.630

TBW 0983 0983 0967 0688 0.684 0.681

TBW-TSL 0983 0983 0981 0678 0673 0670

TBW-TSL+TBP 0.985 0.986 0.984 0668 0665 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



31

with multinomial naive 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 Naive 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

Level 1 Opinion Filtering Level 2 Sentiment Filtering
. (2 labels) (2 labels)
Classifier Feature set 3
Precision  Recall Precision  Recall

measure measure

Decision tree TUW 0.963 0.960 0.960 0812 0.802 0.804
TUW-TSL 0966 0962 0962 0823  0.806 0.808

TUW-TSL+TUP 0963 0962 0962 0770 0764 0.766

TBW 0962 0957 0959 0807 0791 0.793

TBW-TSL 0965 0960 0962 0805 0.787 0.789

TBW-:TSL-TBP 0959 0957 0958 0808  0.795 0.797

Multinomial TUW 0979 0969 0972 0878 0878 0878
Nalve Bayes  ruw.TsL 0979 0968 0972 0865 0863 0864
TUW-TSL+TUP 0982 0972 0975 0864 0863 0.864

TBW 0959 0697 0.783 0902 0897 0.895

TBW-TSL 0960 0734 0810 0906 0905 0904

TBW-:TSL-TBP 0962 0820 0.869 0868  0.867 0.865

SVM TUW 0979 0980 0978 0878 0875 0875
TUW-TSL 0978 0979 0978 0885 0882 0.883

TUW-TSL+TUP 0982 0982 0982 0881 0878 0879

TBW 0983 0983 0967 0932 0932 0932

TBW-TSL 0983 0983 0981 0939 0939 0939

TBW-TSL+TBP 0985  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

Opinion filtering, Sentiment filtering and Emotion
classification
Level 3-1 Positive emotion  Level 3-2 Negative emotion

Classifier Feature set classification classification
(2 labels) (4 labels)
Precision  Recall F Precision  Recall

measure measure
Decision tree  TUW 0675 0673 0672 0624 0618 0617
TUW-TSL 0613 0612 0610 0627 0618 0618
TUW-TSL+TUP 0584 0582 0575 0631 0618 0615
TBW 0635 0633 0630 0625 0612 0608
TBW-TSL 0637 0633 0628 0636 0612 0.608
TBW-:TSL+TBP 0655 0653 0651 0625 0618 0619
Multinomial ~ TUW 0757 0745 0741 0723 0703 0699
Naive Bayes  Tuw.TSL 0765 0755 0.752 0707 0691 0685
TUW-TSL+TUP 0.768 0.765 0.764 0718 0697 0688
TBW 0733 0602 0531 0680 0558 0516
TBW:TSL 0.733 0602 0531 0671 0570 0534
TBW-:TSL+TBP 0689 0684 0.680 0658 0564 0524
SVM TUW 0695 0694 0693 0701 0703 0.700
TUW-TSL 0695 0694 0693 0702 0703 0.700
TUW-TSL+TUP 0717 0714 0713 0694 0697 0693
TBW 0664 0663 0662 0712 0703 0698
TBW-:TSL 0654 0653 0652 0719 0.709 0.705
TBW-:TSL+TBP 0663 0663 0663 0711 0703 0699

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

Approach 2 Approach 3

Label F.

Precision  Recall Precision  Recall

measure measure

Objective 0.769 1.000 0.870 1.000 0.769 0.870
Anger 0.844 0.692 0.761 0844 0.667 0.745
Disgust 0724 0.750 0.737 0.808 0724 0.764
Fear 0500 0.769 0.606 0526 0.769 0625
Sadness 0.652 0732 0.690 0547 0.630 0.586
Happiness 0.654 0.607 0630 0.700 0673 0.686
Surprise 0592 0617 0604 0.646 0.738 0689
Accuracy 68.50% 69.60%

Table 49 A comparison of the effectiveness of Approach 3 and Approach 1

Approach 3 Approach 1
Level Label
Precision Recall F Precision Recall
measure measure

Level 1 Objective 1000 0769 0870 1000 0786 0880
Opinion label Subjective 0989 1000 0994
Level 2
Sentiment label Positive 0939 0975 0957
(based on result of
level 1) Negative 0959 0904 0931
Level 3 Anger 0844 0667 0.745 0769 0694 0.730
Emotion label Disgust 0808 0724 0764 0800 0556 0656
(based on resultof 0526 0769 0625 0500 0538 0519
level 2 Sadness 0547 0630 0586 0530 0714 0609

Happiness 0.700 0673 0.686 0633 0.717 0673

Surprise 0646 0.738 0.689 0656 0583 0618

Accuracy 69.60% 65.20%




CHAPTER S

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 naive 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 naive 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

w
a a A

the PSL more often than the NSL. Some reviews are sarcastic, “v3.s5uav uflieil” [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 [limiles| muez|uuz|] can generate three bigrams: “hLimiles”, “mileanues”, and
“muezvuz”. The word “%hi” [not] is a negative word: “limiien” expresses positive
sentiment, but “miivanue:” and “muezvuz” 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 Al List of positive lexicons

No Positive lexicon No Positive lexicon No  Positive lexicon

1 Hosa 108 anuelald 215 wenadusd
2 1 109 mmg?ﬁymﬁa 216 wyy

3 1AINTTUAS 110 mmx?;amm 217 Wessd
4 1IN 111 Aanuudauss 218 wimsidlh
5 Revaay 112 ALY 219 wm

6 199 113 ANUFUBIEUR 220 wou

7 L%ﬁﬂty 114 ANUALBO 221 R

8 Foils 115 AU 222 il

9 Fortu 116 AR 223 i

10 1A 117 anuala 224 siueniule
11 et 118  anwdaw 225 wnue

12 iy 119 ANuiaRoN 226  Hiduney
13 11 120 ANWSH 227  ukuiines
14 e 121 ANNENL 228 lmgwa
15 inunu 122 ANV 229  fianwueua
16 dunans 123 ahswda 230 e
17 Wufues 124  milsds 231 danunds
18 INTUWS A 125 fAnda 232 ii#eTnm
19 RIERNER 126 A 233 {FIasen
20 e ER) 127 Aunseq 234 iite
21 I3 ANT Y 128 Aunsessnin 235 fiFeides
22 maawaY 129 99 236  Hilszlean
23 1w 130 954 237 Hilszaniwa
24 A 131 a@1a 238 Hszaniam
25 v 132 YUY 239 dpasmm
26 iHonven 133 ¥ 240 veabon
27 59 134 ¥ou 241  d%w
28 i 135  weudienguue 242 &y



Table Al (Continued)

43

No Positive lexicon No Positive lexicon No Positive lexicon
29 isou 136  woussw 243 o

30 504 137 Farnu 244 sy

31 1@ 138  Fauda 245 51937
32 189 139 Fauda 246 souADL
33 @00 140  Fedoudam 247  s00tM
34 awe 141 248 i

35 Esuaiha 142 e 249 §n

36 e 143  Fedad 250  $nw
37 IR 144 f 251 Snasu
38  wunzaw 145 @l 252 i
39 mdeide 146 auaronlald 253 1

40 wrlawnlalas 147 AUAANDY 254 9504
11 o1lald 148 quasny 255 falsmi
42 184 149  anas 256 @
43 il 150  asdu 257 asen
44 udani 151 a3 258 azidua
45 udansa 152  awads 250 azyu
46 udleiiu 153  daaw 260 azyuasiew
47  udy 154  dwdu 261 auan
48 nayle 155 qn 262 Anda
49 uay 156 pRMANAE 263 M

50  wd 157 264 Ay
51 i 158  wivia 265 mud
52 e 159 Auaiy 266 fns

53 midh 160 iy 267 @

54 17 161 vy 268 aa

55 i 162  hawada 269 aala
56 mld 163  hdiie 270 aulh
57 ua 164 Tigoteld 271 aulhled
58 Taqaau 165 fitlaensty 272 aiin
59 Ta 166  wum 273  aiineuy
60 Tilsa 167 PEGARE 274 aun

61 Tsuwudn 168  wma 275 daunauu
62 Towe 169 iufle 276 @
63 195 170 Hnon 277 aAuass
64 la 171 Univde 278 uma
65 lala 172  unlswsivle 279  awysol



Table Al (Continued)

44

No Positive lexicon No Positive lexicon  No Positive lexicon
66 Ttmdale 173 unlszriain 280 dassdiny
67 Ianuswile 174 mele 281 aiu
68 Tawauly 175 rilanel 282  aduasid
69 TngjTa 176 Ul 283 @

70 line 177 Wimngile 284 @
71 liflusuase 178 viessd 285 aw

72 lai'ldvouud 179 entes 286 dan
73 Tain 180 11BuA 287 aon
74 Aani 181 s 288 duil
75 nARyRY 182 Wiusud 289 dud
76 1379 183 U3 Iny 200 diw
77 anmh 184 iy 291 an

78 nizheIniu 185 YU 292  qu

79 NERY] 186 V3ysal 203 qudud
80 n3an 187 uan 294 i

81 n3u 188 ot 205 gawm
82 naule 189 1139 296 «

83 A 190 1509004 297 quds
84 Ad MRy 191 szt e 208  wuumiu
85 non 192 szala 200 nyu
86 TGN 193 SIEEEIT 300 wuuuiu
87 Miud 194  szhvg 301 wgai
88 i 195 dsziinl 302 wawu
89 At 196 EEERLY 303 vou

90 masla 197 sznda 304 wwn
91 Yo 198 Usznain 305 oanu
092 vouly 199 Usranfsen 306 ©onoou
093 vounw 200 asasiy 307 oA

94 YONs 201  ds 308 o

05 ah 202 1huisd 309 eylunmn
96 AN 203 WOd 310 oyl
97 UM 204 woala 311 euqu
98 ALN 205 wy 312 oo

99 AUWIUIAY 206 niou 313 oiew
100 Aineiy 207 WEUNT 314 doulou
101 ftunin 208 wols 315 dwmssd
102 AADIUARD 209 Nz 316 owg



Table Al (Continued)

45

No Positive lexicon No Positive lexicon  No  Positive lexicon
103 NADIAD 210 viny 317 oa
104  ndediie 211 Wy 318 gulv
105 ey 212 319  duy
106 amugeriuluauios 213 il 320 @
107 anunilunaie 214 wina 321 =
Table A2 List of negative lexicons
No Negative lexicon No  Negative lexicon No Negative lexicon
1 1L 238  vale 475 iy
2 MER 239 VA 476  vuihunealiidou
3 insal 240  Vaves 477  vuaug
4 INTINT 241  vaiu 478  vweudu
5 13U 242  damni 479 lagwams
6 InavA 243 la 480 wlalilg
7 indeu 244  <v'lalads 481  vhuml
8 1nu 245  aaunau 482  viwmlviinssu
9 GELCERM 246 AN 483 hildaisw
10 R 247  wigiwth 484 hw
11 ot 248  vwenid 485 vhawuty
12 i 249  vwwih 486  vhawd
13 1A54 250 s 487 vhdsasw
14 ENGENT 251 & 488 duae
15 w3y 250 Iy 489 #wha
16 e S AT ERTE 253  van 490 e vdg
17  eion 254 ¥ 491 e
18 iRgaLAL 255  Waah 492 wnant
19 e 256 e 493 wnndon
20 diow 257 i 494  wia
21 19DZeY 258  wuly 495 W
22 il 259 qu 496  nud
23 A 260 9 497  wonlo
24 vl 261 iy 498  ov
25 Auld 262  yein 499 inas
26 e 263  AA 500 il



Table A2 (Continued)
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No Negative lexicon No Negative lexicon No Negative lexicon
27 0 264 aalng 501 W
28 139919 265 fAAdw 502 Wind
29 mln 266 na 503 W

30 ey 267 aulild 504  wiw
31 1 268 avg 505  unwied
32 199 269  mufge 506 v

33 1% 270 aume 507 11U

34 151 271 asm 508 U508
35 IRE LY 272  aseud 509 SIGT!

36 11 273  asziy 510 toutriato
37 iAoTa 274  aszviw 511 1h

38 1AoA 275  amandew 512 A

39 1AoAana 276  aauld 513  manug
40 henseu 277 AquiAse 514 1utlane
41 i 278  Aqugery 515  da

42 " 279  adnfunan 516  deleu
43 MN3ZA 280 ANuAsTuATeR 517 i

44 e 281 anuwdeadeu 518 1

45 gy 282  anulimiveu 519 Ugers
46 IR 283  arwuniy 520 1

47 U 284  anuvynvid 521 1lu

48 o 285 anudesl 522 Uszau
49 ion 286  ANwuIAeY 523  szas
50 Waailioy 287 anuduwwe 524 SIEEAT
51 e 288  anwidh 525  iszwailszdu
52 idlonih 289  anwddeu 526  iszanu
53 Tl a8 290 Anwie 527 Usgiag
54 Fuan 291 anungalnsy 528 szum
55 wawnlde 202  anudanan 529 SIET)

56 nfdeq 293 anwandu 530  d5wn
57 len 2904  amugauds 531 SIERST

58 ew 295  Aanwiania 532 5wl
59 WAINT 206  Aanwvay 533 1%

60 iia¥ou 297 ah 534  ias

61 WY 298  atwins 535 lasla

62 1A 299 aeSidu 536  1asdaa
63 tiou 300 Aol 537  1du



Table A2 (Continued)

47

No Negative lexicon No Negative lexicon No Negative lexicon
64 1 301 fzues 538  dduazeu
65  iiles 302 #a 539  1aou

66 1wz 303 Aamu 540  daswlu
67 g 304 v 541 1m

68 173 305 Auun 542 1w

69 w3 Tein 306 Auudu 543 1o

70 wihl 307 Auudule 544  ng

71 13 308 Auuay 545 il

72 RGN 309 vl 546  ihnide
73 IGL! 310 fuda 547 1hnwun
74 1wela 311 rvensaula 548 1ha

75 GELRGN 312 549 1hano
76 idefaale 313 An 550  1han
77 o 314 Aum 551 Hyd

78 ieunde 315 suml 552  wan

79 ireuTnsu 316 Muthse 553 fin

80 191 317 aalny 554 e Tuilsziunga
81 milon 318 #awn 555

82 mily 319 AaldAie 556 fin

83  miaeuih 320 fndwe 557  Aadma
84 e 321 an 558  Aafmdad
85 1N 322  anan 559 AT IZ
86 FouTna 323  Aunsq 560 AnaTInlszindl
87 1ou 324 auad 561 AR
88 ualadneg 325 quda 562 Hu

89 un 326 563 na

90 UAUEA 327  awm 564 wau

91 1N 328  aihimevielivie 565  waw
92 nAu 329 ana 566 Wi
93 uaL 330 ahvanou 567 WaguIgU
94 ) 331 anlu 568 w3

95 e 332  ahwnaia 569 Wl

26 uan 333 ahdnlnaas 570  #n

97 HANAY 334 571 vha

08 14 335 w 572 Walo

99 unslad 336 w7 573 W
100 140 337 574 Wuiloo



Table A2 (Continued)

48

No Negative lexicon No Negative lexicon No Negative lexicon
101 walsa 338 575 AMzuay
102 uwad 339 o 576 AMINgaA
103 LW 340 an 577 ANTAINTIN
104 uy 341 578 uaia
105 s 342 W 579  fhunth
106 e 343 s 580  weuwnn
107  udda 344 s 581  woumid
108 HEUIN 345 dunw 582 i

109  ue 346 % 583 i
110 Tna 347 m 584 iy
111 Tnun 348 tuh 585  waequ
112 T 349 W 586 VR EVGN
113 Tau 350 3aan 587 il
114  Insu 351 o 588  iilnw
115  Tie 352 @ 589  ianwia
116 1 353 @n 590  if

117 Tan 354 quin 591 Hdgym
118 Tuln 355 gemm 592  iia

119 ¢ 356 wn 593 ooNUW
120 T5ada 357 wald 504  &u

121 Tara 358 ¥ 595 1N

122  Talasn 359 %en 596 1w
123 Teruw 360 wouna 597 guig
124  Tnaiou 361 i 508  dn

125 Twa¥o 362 i 599 CRITIR
126  Tnem 363 a0 600  snie
127 lnsasny 364 %n 601 71150
128  Tadeou 365 tnle 602 ous
129  leaes 366 Fnnszan 603 $oaiFou
130  Temaw 367 604  Feslw
131 lmaie 368  Fauia 605  Feus
132 4 369 fan 606 fufon
133 i 370 607  Fanu
134 llwd 371 i 608 $10

135 laitnsale 372 + 609 FRLRD
136 i 373  aaiu 610 1

137 liReunzania 374 611 $151u



Table A2 (Continued)

49

No Negative lexicon  No Negative lexicon No Negative lexicon
138 e 375 W 612 v

139 lirieane 376 % 613 330
140 Taidiue 377 F@Tuau 614 PITIIEN
141 laitiudne 378  Fwusniia 615 v

142 Tuiianger 379 Fgnaourw 616  judew
143 TitonInu 380 Fwmuuna 617 0370
144  'hils 381 fm 618  anitesd
145 hilgi3eq 382 ww 619 au
146 111310 383  oeu 620  au

147 13 nals 384 udeou 621 fuiman
148  WBuilas 385 622  duww
149 ai'lnn 386 s 623  audalw
150  lid 387  ddeu 624  dralsznd
151 lainu 388 @t 625  anazia
152 aii 389 #u 626  aounaw
153 laidinsa 390 Fuww 627 az1ay
154  'hifilas 391 an 628  awiiele
155 lutimsdnn 392  gnwu 629 an
156 laitinesnmn 393  anwou 630 )
157 Mt 394 a5 631  aww
158 ltia@ 395 asun 632 aniy
159  lufierswel 396 dev 633 @

160 laigazssu 397 Aaduau 634 @110
161 MiFhis 308 635  dumnlo
162 Thifam 399 636  @andu
163 laufawdau 400 sndu 637  au

164  hiddndd 401 @me 638  1on
165 lijasda 402 au 639  Iun
166  'wasses 403 o 640  3n9d
167 liassesiu 404 Foma 641 J1/Ton
168 liiau 405 9 642 J1lszTon
169 liauela 406 9 643  uae
170 lijaunns 407 %o 644 el
171 Ty 408 quaau 645 N
172 iawysel 409 qhild 646  aanla
173 Tieninaue 410 990 647 aavdns
174 liaae 411  qgnguaau 648 a8



Table A2 (Continued)
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No Negative lexicon No Negative lexicon No Negative lexicon
175 ez laiere 412 qHiu 649 amn

176 linson 413 guiluduuaay 650 @

177 (HTG 414  @n 651 dzvaoe
178 1¥asy 415 anle 652 @u

179 lanen 416 AN 653 dundwmn
180 Tt 417 anusnnuiiy 654 duwldu
181 8 418  anthee 655 duau

182 1813 419 ANNQu 656 duaujung
183 181 420  AnMQuWsI 657  dwwnse
184 i 421 o 658  Auad

185  nasu 422  aum 659 aunts
186  nam 423  asadw 660 &l

187 naAwg 424 a5 661 qu

188 133 10 425 Assniami 662 wyanda
189  nivernInda 426 a5 663 Wy

190 ATZUNA 427 ABLLHA 664 nayl
191 nITIMANTEINY 428  sedm 665 wihaw
192 N3¥YNNILIN 429 aonTd 666 ¥uM

193 a3z 430 @ e 667 vuamaa
194  nszeu 431 aog 668 vnuamaale
195 NIZANHUIATD 432 AZQUUOU 669 wwuanwidn
196 nzihdua 433 waund 670 wwam

197 N3INOUINT 434 da 671 vuadanualy
198 EEA] 435 Aava 672 vuam
199 N5TIUNTZNY 436 Anle 673 wweu
200  nszdunsde 437  daveden 674  wiiu

201 NIZNY 438 MU 675 wwen

202  nszity 439  dw 676 vow

203  nszén 440 aw 677 s

204 f‘l‘ﬂmﬂ%&l’s 441 AA1 678 was

205  nsala 442  memunth 679 waunuil
206 AduInda 443  maw 680 v
207 i 444 681 iw

208  nanm 445  ddes 682 W

209 ngula 446 Ml 683 ¥

210 nu 447 f 684 v

211 AIUAY 448 AReu 685 wwll



Table A2 (Continued)
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No Negative lexicon No Negative lexicon No Negative lexicon
212 1A 449 Ao 686 i

213  nensswiudiy 450  @ata 687 enuan

214 NN 451 aAnN 688 @8naIn

215 APAINIUNY 452 f 689 onvzuan
216 noulng 453 anu 690 ondRywy

217 fin 454 Auasen 691 envn

218 AN 455 07a 692 eunINTg
219  fwn 456  0ou 693 ealhiln
220 a8 457 00YNAY 694 oane

221 na 458 @ 695 oavou

222 A 459 GRETE) 696 oavdUsALDY
223 M5 460 90 697 oduATuATHR
224 i 461  awhaw 698 ed®

225 ia 462 nu'liiTnn 699

226  vlwe 463  ninwu 700 dw

227 w 464 n3ont 701  des

228 Y 465 nina 702 oouwdo
229 YUy 466 NI 703 duasw

230 467 o 704 duwn

231 Uiy 468 M 705 ©unele

232 g 469 it 706  dmiinen
233 1w 470  Heudt 707 ®m

234  wnslan 471 nza 708 @nda

235  welny 472 e 709 oA

236 473 vimia 710 e

237  dauds 474  ma




Appendix B

Additional of experimental results

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

Emotion Classification (7 Labels)

Support
Multinomial Naive Bayes Vector Machine Decision tree
Feature Precision  Recall F-Measure  Accuracy Precision Recall F-Measure  Accuracy Precision Recall F-Measure  Accuracy
TUW_num1 0655 0608 0616 60.81% 0605 0593 0596 59.34v 0473 0447 0450 44,69
TUW_num2 0643 0630 0630 63.00% 0610 0608 0605 60.81% 0553 0549 0549 54 95y
TUW_num3 0635 0604 0613 60.44v% 0598 0582 0584 58.24v 0505 0492 0493 49559
TUW_num4 0643 0612 0620 6117% 0611 0608 0606 60.81% 0472 0473 0471 4725
TUW_nums 0666 0641 0646 64.10% 0599 0586 0589 58.61% 0521 0498 0500 49,82+
AVG-TUW 0648 0619 0625 61.90% 0.605 0595 0596 59.56v% 0505 0492 0493 49259,
TUW-TSL_numl 0634 0553 0558 5531% 0619 0608 0610 60.81% 0497 0480 0483 4799,
TUW-TSL_num2 0616 0579 0573 57.88% 0614 0612 0.609 61.17% 0534 0535 0531 5348y
TUW-TSL_num3 0586 0549 0552 54950, 0605 0590 0592 5897% 0442 0436 0434 4359,
TUW-TSL_num4 0587 0557 0552 5568 0588 0586 0584 58,61 0504 0495 0493 49459,
TUW-TSL_numS 0648 0612 0614 61.17% 0617 0604 0606 60.44v, 0.480 0469 0472 46.89,

AVG-TUW:TSL 0614 0570 0570 57.00% 0.609 0.600 0.600 60.00% 0491 0483 0483 4828




Table B1 (Continued)

Emotion Classification (7 Labels)

Multinomial Naive Bayes

Support
Vector Machine

Decision tree

F- F- F-

Feature Precision Recall Measure Accuracy Precision Recall Measure Accuracy Precision Recall Measure Accuracy
TUW-TSL+TUP_num1 0655 0608 0616 60.81% 0605 0593 0596 59.34% 0496 0469 0476 4750%
TUW-TSL+TUP_num2 0596 0546 0548 5458 0617 0590 0592 5897% 0497 0.469 0477 48.30%
TUW-TSL+TUP_num3 0627 0590 0591 5897% 0601 0614 0614 60.35% 0500 0469 0476 4860%
TUW-TSL+TUP_num4 0587 0575 0568 5751% 0.608 0.602 0.607 61.17% 0.492 0487 0488 4950v%
TUW-TSL+TUP_num5 0652 0630 0631 63.00% 0624 0619 0612 61.90% 0508 0491 0494 49.08%
AVG-TUW-TSL+TUP 0623 0590 0591 5897% 0611 0.604 0.604 60.35% 0.499 0477 0482 48.60%
TBW_numl 0677 0619 0627 61.90% 0653 0634 0635 63.37% 0526 0516 0517 51.65%
TBW_num2 0681 0.652 0.655 65.20% 0.656 0.652 0.649 65.20% 0561 0542 0547 5421%
TBW_num3 0692 0659 0663 65.93% 0643 0634 0635 63.37% 0435 0421 0420 4212y
TBW_num4 0.680 0.652 0.657 65.20% 0610 0613 0628 61.17% 0.499 0.495 0493 4945y
TBW_num5 0713 0678 0682 67.77% 0640 0632 0619 63.28% 0502 0495 0494 4212y
AVG-TBW 0.689 0.652 0.657 65.20% 0.640 0633 0633 63.28% 0505 0494 0494 4791%
TBW-+TSL_numl 0.689 0110 0111 10.99% 0.661 0.645 0.646 64.47% 0479 0.465 0.465 46.52%
TBW:TSL_num2 0565 0147 0.167 14.65% 0653 0648 0.645 64.84% 0508 0498 0498 49.82%
TBW-+TSL_num3 0581 0114 0116 11.36% 0641 0634 0634 63.37% 0485 0458 0463 4579
TBW:TSL_num4 0581 0114 0116 11.36% 0602 0604 0599 60.44% 0458 0462 0457 46.15%
TBW-+TSL_num5 0.744 0.139 0161 1392% 0.688 0.667 0670 66.67% 0478 0458 0.460 4579
AVG-TBW-TSL 0632 0125 0134 1245y 0649  0.640 0.639 63.96% 0482 0468 0.469 46.81%
TBW-+TSL+TBP_numl 0721 0179 0218 17.95% 0.649 0637 0.638 63.74% 0525 0509 0511 50.92%
TBW:TSL+TBP_num2 0667 0183 0212 18.32% 0619 0601 0.606 60.07% 0492 0451 0463 45.05%
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Table B1 (Continued)

Emotion Classification (7 Labels)

Multinomial Naive Bayes

Support
Vector Machine

Decision tree

F- F- F-

Feature Precision Recall Measure  Accuracy  Precision Recall Measure  Accuracy Precision Recall Measure  Accuracy
TBW:TSL+TBP_num3 0.667 0.190 0.227 19.05% 0638 0.630 0631 63.00% 0485 0458 0463 4579
TBW-TSL+TBP_num4 0578 0.194 0227 1941 0621 0618 0611 60.81% 0481 0473 0474 4725
TBW:TSL+TBP_num5 0.707 0.205 0.251 2051% 0.607 0.609 0.609 61.90% 0477 0473 0472 47.25%
AVG-TBW-:TSL+TBP 0.668 0.190 0227 19.05% 0627 0619 0619 61.90% 0492 0473 0477 4725%

Table B2 The effectiveness of Opinion Filtering by Approach 2 on five groups of data sets
Level 1 Opinion Filtering (2 labels: Objective, Subjective)
Support
Multinomial Naive Bayes Vector Machine Decision tree
F- F- F-

Feature Precision Recall Measure  Accuracy Precision Recall Measure Accuracy Precision Recall Measure Accuracy
TUW_numl 0980 0974 0976 9744y, 0968 0971 0968 97.07% 0958 0.960 0959 95.97%
TUW_num2 0974 0967 0970 96.70% 0989 0989 0.989 98.90% 0.966 0.963 0.965 96.34%
TUW_num3 0979 0963 0.968 96.34% 0969 0971 0970 97.07% 0959 0.963 0.960 96.34%
TUW_num4 0981 0967 0971 96.70% 0993 0993 0993 99.27% 0.952 0934 0941 9341%
TUW_num5 0980 0974 0976 9744y, 0975 0974 0970 9744y, 0979 0978 0975 97.80%
AVG-TUW 0979 0969 0972 96.92% 0979 0980 0978 97.95% 0.963 0.960 0.960 95.97%
TUW-TSL_numl 0982 0978 0979 97.80% 0968 0971 0.968 97.07% 0.958 0.960 0.959 95.97%
TUW:TSL_num2 0977 0967 0970 96.70% 0989 0988 0988 98.90% 0971 0.967 0.969 96.70%
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Table B2 (Continued)

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

GG

Support
Multinomial Naive Bayes Vector Machine Decision tree
F- F- F-

Feature Precision Recall Measure  Accuracy  Precision Recall Measure Accuracy Precision Recall Measure  Accuracy
TUW:TSL_num3 0977 0956 0962 95.60v% 0969 0971 0970 97.07% 0.968 0971 0.968 97.07%
TUW-TSL_num4 0979 0.963 0.968 96.34% 0993 0993 0993 99.27% 0.952 0934 0941 9341%
TUW:TSL_num5 0980 0978 0979 97.80% 0972 0974 0971 9744y, 0979 0978 0975 97.80%
AVG-TUW-TSL 0979 0.968 0972 96.85% 0978 0979 0978 97.95% 0.966 0.962 0.962 96.19%
TUW:TSL+TUP_numl 0979 0963 0.968 96.34v% 0972 0974 0973 9744y, 0973 0971 0972 97.07%
TUW-TSL+TUP_num2 0.987 0.982 0983 98.17% 0.989 0.989 0.988 98.90% 0964 0967 0.965 96.70%
TUW:TSL+TUP_num3 0979 0963 0.968 96.34v% 0973 0974 0974 9744y, 0949 0949 0949 94.87%
TUW-TSL+TUP_num4 0983 0974 0977 9744, 0993 0993 0993 99.27% 0.968 0967 0.968 96.70%
TUW:TSL+TUP_num5 0980 0978 0979 95.24v 0982 0982 0.980 98.17% 0.959 0956 0.958 95.60%
AVG-TUW-TSL+TUP 0.982 0972 0975 96.70% 0.982 0.982 0.982 98.24v% 0963 0.962 0.962 96.19%
TBW_numl 0.959 0714 0.796 7143% 0979 0978 0975 97.80% 0973 0971 0972 97.07%
TBW_num2 0958 0667 0761 66.67% 0989 0989 0.988 98.90% 0.968 0967 0.968 96.70%
TBW_num3 0.959 0.722 0.801 72.16% 0981 0.982 0981 98.17% 0954 0952 0953 9524
TBW_numé 0959 0696 0.783 69.60% 0993 0993 0919 99.27% 0967 0945 0953 9451y
TBW_num5 0.959 0.685 0.775 68.50% 0975 0974 0970 97 44, 0.949 0.949 0.949 94.87%
AVG-TBW 0959 0697 0.783 69.67% 0983 0983 0967 98.32% 0962 0957 0.959 95.68%
TBW-+TSL_numl 0961 0.769 0.835 76.92v% 0979 0978 0975 97.80% 0973 0971 0972 97.07%
TBW-TSL_num?2 0959 0714 0.796 7143% 0989 0989 0988 98.90% 0973 0971 0972 97.07%
TBW-+TSL_num3 0.959 0718 0.799 7179% 0981 0.982 0981 98.17% 0.963 0963 0963 96.34%

TBW:TSL_num4 0960 0.736 0812 73.63% 0993 0993 0.993 99.27% 0.967 0.945 0.953 9451%



Table B2 (Continued)

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

Multinomial Naive Bayes

Support
Vector Machine

Decision tree

F- F- F-

Feature Precision Recall Measure  Accuracy Precision Recall Measure Accuracy Precision Recall Measure  Accuracy
TBW:TSL_num5 0960 0733 0.809 7326% 0975 0974 0970 9744, 0.949 0.949 0.949 94.87%
AVG-TBW-+TSL 0.960 0734 0810 7341% 0983 0983 0981 98.32v% 0.965 0.960 0.962 9597%
TBW:TSL+TBP_numl 0962 0817 0.867 81.69% 0982 0982 0.980 98.17% 0.966 0967 0.966 96.70%
TBW-+TSL+TBP_num2 0.962 0821 0870 82.05% 0.989 0.989 0.988 98.90% 0951 0.952 0951 9524
TBW:TSL+TBP_num3 0963 0835 0.880 8352% 0981 0982 0981 98.17% 0.955 0.945 0.949 9451%
TBW-+TSL+TBP_num4 0961 0.784 0.845 78.39% 0993 0993 0993 99.27% 0.963 0.963 0963 96.34%
TBW:TSL+TBP_num5 0963 0842 0884 84.25% 0982 0982 0.980 98.17% 0961 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 0957 0.958 95.75%

Table B3 The effectiveness of Emotion Classification in Approach 2 with SVM and TBW+TSL+TBP feature
Level 2 Emotion Classification (6 labels: Anger, Disgust, Fear, Sad, Happy and Surprise)
Multinomial-Naive Bayes SVM Decision tree
F- F- F-

Feature Precision Recall Measure Accuracy Precision Recall Measure Accuracy Precision Recall Measure  Accuracy
TUW_num2 0652 0624 0615 62.36% 0646 0643 0643 64.26% 0515 0513 0511 51.33%
TUW-TSL_num2 0.659 0635 0.629 63.50% 064 0635 0.636 63.50% 0488 0.490 0.488 49.05%
TUW-TSL_num?2 0651 0635 0629 63.50% 0635 0631 063 63.12% 0504 0498 0.499 4981%
TBW_num2 0.693 0426 0377 4259 0.688 0.684 0.681 68.449, 0.496 0487 0.486 4867%
TBW:TSL_num2 0682 0449 0394 44.87% 0678 0673 0670 67.30% 0501 0494 0492 4943
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Table B3 (Continued)

Level 2 Emotion Classification (6 labels: Anger, Disgust, Fear, Sad, Happy and Surprise)

Multinomial-Naive Bayes SVM Decision tree

F- F- F-
Feature Precision Recall Measure Accuracy Precision Recall Measure Accuracy Precision Recall Measure  Accuracy
TBW-TSL+TBP_num2 0648 0452 0419 4525 0668 0665 0.662 66.54% 0501 0494 0.488 4943

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

Level 2 Sentiment Filtering (2 labels: Negative, Positive)

LS

Multinomial-Naive Bayes SVM Decision tree
F- F- F-

Feature Precision Recall Measure Accuracy Precision Recall Measure Accuracy Precision Recall Measure Accuracy
TUW_num2 0878 0878 0878 87.83% 0878 0875 0875 8745 0812 0.802 0.804 80.23%
TUW-TSL_num?2 0.865 0.863 0.864 86.31% 0885 0882 0.883 8821% 0823 0.806 0.808 80.61%
TUW-TSL_TUP_num?2 0.864 0.863 0.864 86.31% 0881 0878 0879 87.83% 077 0.764 0.766 76.43%
TBW_num2 0902 0.897 0.895 89.73% 0932 0932 0932 93.16% 0.807 0.791 0.793 79.09%
TBW-TSL_num?2 0.906 0.905 0904 90.49% 0939 0939 0939 93.92% 0.805 0.787 0.789 7871%

TBW-TSL+TBP_num2 0.868 0.867 0.865 86.69% 0947 0947 0.946 94.68% 0.808 0.795 0.797 T79.47%




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

Level 3-1 Positive emotion classification (2 labels: Happy Versus Surprise)

Multinomial-Naive Bayes SVM Decision tree
F- F- F-

Feature Precision Recall Measure Accuracy Precision Recall Measure Accuracy Precision Recall Measure Accuracy
TUW_num2 0.757 0.745 0741 0.745 0695 0694 0693 0694 0675 0673 0672 0673
TUW-TSL_num2 0.765 0.755 0.752 0.755 0.695 0694 0.693 0694 0613 0612 0610 0612
TUW-:TSL_TUP_num2 0.768 0.765 0.764 0.765 0717 0714 0713 0714 0584 0582 0575 0.582
TBW_num2 0733 0.602 0531 0.602 0.664 0.663 0.662 0.663 0635 0633 0.630 0633
TBW-TSL_num2 0733 0602 0531 0.602 0654 0653 0652 0653 0637 0633 0628 0633
TBW-+TSL+TBP_num2 0.689 0684 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

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

Multinomial-Naive Bayes SVM Multinomial-Naive Bayes
F- F- F-

Feature Precision Recall Measure Accuracy Precision Recall Measure Accuracy Precision Recall Measure  Accuracy
TUW_num2 0723 0703 0.699 70.303% 0701 0703 0.700 70.303% 0624 0618 0617 61.818%
TUW-TSL_num2 0.707 0.691 0.685 69.091% 0.702 0.703 0.700 70.303% 0627 0618 0618 61.818%
TUW-TSL_TUP_num?2 0722 0697 0.688 69.697% 0694 0697 0693 69.697% 0631 0618 0615 61.818%
TBW_num2 0.68 0558 0516 55.758% 0712 0.703 0.698 70.303% 0.625 0612 0.608 61.212%
TBW-TSL_num?2 0671 057 0534 56.970% 0.719  0.709 0.705 70.909% 0636 0612 0.608 61212%
TBW-+TSL+TBP_num2 0.658 0564 0524 56.364% 0711 0.703 0.699 70.303% 0.625 0618 0619 61.818%
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