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ABSTRACT

Social media have become part of our daily life and we read other people’s
writing including news articles and various user comments and write our own comments.
Although most social media services provide a convenient way, LIKE buttons, to express a
reactive feeling towards a content, its use does not precisely reflect users’ feelings: users often use
the button for “LIKE” even when they feel angry, sad, etc. Thus sentiment analysis of users’
comments and the recommendation of contents to be presented to each user based on users’
comment sentiment analysis is an important issue to improve those services. This thesis proposes
a method for this purpose in the Thai language. The Thai language social media text still has
difficulties in processing: difficulty in word segmentation with many spelling and other variations
included, no publicly available sentiment dictionary, etc. Thus this thesis investigates a systematic
noise reduction for social media text using both heuristic rule-based and Conditional Random
Fields-based machine learning approaches. Based on this noise reduction method, sentiment
dictionary construction based on the data is conducted by comparing different methods. Based on
the constructed sentiment dictionary, the sentiment estimation of user comments to news articles
is performed. This estimation is employed as labeled sentiment value data for corresponding news
articles for each user. Finally news article classification, which is the foundation to recommend
future news articles on the basis of each user’s preference, is conducted. The final step employs
Support Vector Machines as a machine learning method, and sentiment classifiers for each user
are constructed. The proposed noise reduction, sentiment dictionary construction, and news article
sentiment classification are evaluated with comparative experiments. The result demonstrates that

the proposed methods successfully improve each process and the final classification.
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CHAPTER 1

Introduction

1.1 Statement of Problem

More and more people have been using the Internet for communication among
them with email, online chats, blogs, etc., and one of the recent communication platforms are social
networking. As of 2018, social media are almost an essential part of our daily life, and many social
media services such as Facebook, Twitter, Instagram, LinkedIn, Google+, etc., provide space for
communication, the source of news, other people’s opinions, and more of information. Different
contents, services, and interfaces are provided by different social media providers, but an important
common feature is the mechanism to promote interactions among users. Almost every social media
has the button, so-called LIKE button, with which users easily show their feeling towards articles
and users’ opinions. It is also easy to share articles in each user’s friend group or to the public, and
users can post their comments to articles and users’ opinions. Naturally, social media providers
want to present to each user more articles and users’ posts more intriguing to him/her. Thus,
predicting which article and users’ post is suitable to present to each user is an important research
and development issue, which is one of the “Recommendation” issues.

Recommendation methods are roughly divided into two directions. One is
collaborative filtering, with which, consulting the activities of other users’ whose activity tendency

is similar to a user A, the system recommends to the user A something that he has not reacted to but



other users reacted. The other is content-based recommendation, with which, consulting the
contents that a user A reacted before, another content with similar characteristics is recommended
to the user A. These two directions can be combined, but put it simply, if recommendation is made
with the data on which articles received LIKE from a user A among other users, it is more of
collaborative filtering; and if recommendation is made with the content of an article that received
LIKE from user A, it is more of content-based recommendation.

One of the most popular social media in the world is Facebook (Servia-Rodriguez,
et al.,, 2013; Balahur and Perea-Ortega, 2015). Facebook offers both open and closed
communications, and the number of the users has been increasing, up to 1,500 million (Number of
daily active Facebook users worldwide as of 1st quarter, 2018). Facebook has many functions, and
among them are “Share” and “Like”. “Share” is to share an external link on one’s own timeline
where his friends and others can see, and “Like” can be used to show his interest in other people’s
article posting including shared ones. These two functions have facilitated expressing one’s interest
in an article, and everything posted onto Facebook, whether it is his own article, pictures, videos,
comments, shares, etc., have numbers to show how many times they are “Shared” and “Liked”.
“Share” can go with a sharer’s own comment, and all the items that people can “Like” also accept
comments, though “Like” and comments are not explicitly related. The trouble is that both “Share”
and “Like” do not necessarily mean positive support by those who “Share” and/or “Like”. Strictly
speaking, they just indicate that the item is paid attention. However, LIKE is often troublesome.
From 2016, Facebook provides several types of LIKE (e.g., Interesting, Amazing, Awful, etc.), but
the default one is Like, which is often chosen for convenience regardless of the actual feeling. Thus,
we are not sure if indeed LIKE represent the positive feeling of a user towards a content. If the
underlying sentiment, whether a person likes or dislikes, agrees or disagrees, etc., is estimated, the
deeper understanding of the status of the item will be obtained. There might be some different ways
for this, varying according to what is focused, and one of them is to focus on textual descriptions

and comments. This is why sentiment analysis of user comment texts is important.



Textual descriptions with a shared link and textual comments to an item contain
much more meaningful information, and to reveal something from those texts is conducted using
text mining techniques, which are based on both natural language processing techniques and
machine learning methods. In the above case, the first simple idea is to employ those techniques to
analyze the texts attached to “Share” and “Like,” and then to estimate its sentiment, positive or
negative. However, this simple idea will not work, mainly because an accurate analysis like that
requires a large size of the text data, which are usually not available for each item, and also partly
because an appropriate sentiment dictionary that is required for the above analysis is not readily
available.

Thus, my research tackles these two issues, how to improve a textual sentiment
analysis with “Share” and “Like” and how to prepare an appropriate sentiment dictionary for the
first issue. For the first issue, not only the targeted texts but also other past texts that the same user
posted will be employed to increase the data size and to estimate his preferences on “Share” and
“Like”. For the second issue, the Thai language is the target and a method to construct prototypical
sentiment dictionaries with other sets of textual data and estimate their appropriateness with
comparison between Facebook data and the other sets of textual data.

This research focuses on Thai news providers. The language used to present
articles and reviews is Thai language and the language is sometimes called an unstructured language

(Yassine and Hajj, 2010; Tuckett, et al., 2014).



1.2 Research Problems

1.3 Objectives

1.2.1

1.2.2

1.2.3

1.3.1

1.3.2

1.3.3

The total size of the tests posted with a particular item in social networking
site is far below the necessary size of usual sentiment analysis.

An appropriate Thai sentiment dictionary for our purposes is not readily
available.

The social media text contains a lot of noise and short text, it difficult to

sentiment analysis.

To develop and improve a method to estimate the sentiment of shared and
liked items that are posted on social networking site.

To propose a method to construct a sentiment dictionary for a particular type
of data using texts from different sources.

To propose a noise reduction method for Thai social media text.



1.4 Research Question

1.4.1 How to employ related textual data to make a finer sentiment analysis of
“Share” and “Like” that are frequently used on social networking sites.

1.4.2 How to construct an appropriate sentiment dictionary for a particular
purpose by using different sets of texts.

1.4.3 How to remove noise in social media text for an unofficial language and

short text.

1.5 Scopes of Research

1.5.1 This research experimented with only Thai texts.
1.5.2 Facebook data is employed as a representative of social networking data
that users post.
1.5.3 Estimating the value of emoticons that may be used in the textual data is
basically out of scope, of it is a different research topic that may be pursued.
However, the techniques and methods to be proposed in my research are expected
to work with similar types of data sets, and in this sense, this research is not limited to Facebook

but to texts that are used in social networking sites in general.



1.6 Expected Outcomes

1.6.1 A method useful to estimate the sentiment of short texts is proposed.
1.6.2 A method to construct a sentiment dictionary for social networking text
analysis is proposed and some samples of Thai sentiment dictionaries are

obtained.



CHAPTER 2

Literature Review

2.1 Introduction

Social network or online communities as web-based services allow users to
communicate and share opinions. Currently, there are many social networks providers such as:
Facebook, Twitter, Google+, Flickr and Instagram. The nature and nomenclature of these
connections may vary from site to site (Ellison, 2007). Each of the sites, which also has differences
on the subject of information and communication tools, such as photo, video-sharing, mobile
connect, API and etc.

With an increasing number of social network users, the social network is also a
huge new data warehouse, that most of the information that are stored on social network are usually
in text format, and this has led much research on social networks particularly in text mining tasks
(Yassine and Hajj, 2010; Servia-Rodriguez, et al., 2013; Balahur and Perea-Ortega, 2015; Maynard,
et al., 2017). Extracting useful information from texts has been pursued. According to Feldman, et
al. (2007). There are a variety of tasks including text classification, text clustering, information
extraction, author estimation, and sentiment analysis such as “A Framework for Emotion Mining
from Text in Online Social Networks (Yassine and Hajj, 2010), “Social media competitive analysis
and text mining: A case study in the pizza industry” (He, et al., 2013), “More than words: Social

networks’ text mining for consumer brand sentiments” (Mostafa, 2013) and “Sentiment analysis



system adaptation for multilingual processing: The case of tweets” (Balahur and Perea-Ortega,
2015). As opposed to most data used in traditional data mining and data analysis, textual data is not
structured in the sense that texts themselves are not in the form of relational database or other
database structures. More primitively, any written text data consist of characters or letters. Thus, a
series of preprocessing tasks are indispensable for text mining. Most of those preprocessing tasks
are related to natural language processing with which basic linguistic units are obtained: word,
sentence, and their structures and meanings (Thanangthanakij, et al., 2012). In the next section, we
introduce natural language processing in Thai social media, sentiment analysis and machine

learning techniques.

2.2 Thai Language

The Thai language is the official language of Thailand, which a unique writing
system with its own syllabic alphabets consist of 3 parts: consonant, vowel and tone (Ager, 2017).
The Thai language has 87 characters as Figure 2.1 consist of 44 consonant characters, 18 vowel
symbols, 4 tone marks, 5 diacritics, 10 numerals, and 6 other symbols. For the Thai writing system,
It is written from left-to-right direction, and one of the unique features is that vowel symbols are
placed in front, back, above, and below a consonant character. Tone marks are also placed above a
consonant, diacritics are written above or below a consonant, no word separation between words.
A space used between sentences and independent phrases in a sense, but the rule of the use of spaces
is not so absolute. There is no capital letters, unlike English or other Roman alphabetical writing
systems. In addition, Thai verbs do not change their forms according to tense or concord, and aspect
as well as tense is optionally expressed with auxiliary verbs or time adverbials (Theeramunkong

and Usanavasin, 2001; Koanantakool, et al., 2009).



Consonants 44 NUURA AN
N Y Y B By
BERERT
ANDND U
piwd o awy
YIaIAY
HINOd
@ o =& a = A
Vowels 18 SRR I IR R
111999
RO
Tone marks 4 BRI,
. L8790 f
Diacritics 5 HERIER IR
Numerals 10 colvmcEda&XdbbVIE
Other symbols 6 1B ) @l G
Total 87

Figure 2.1 Thai Characters (Koanantakool, et al., 2009).

Upper vowel

Lower vowel

Figure 2.2 An Example of Thai Writing System

Frontvowel

M O35 Rear vowel

Consonant
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An example of the Thai writing system is shown in Figure 2.2. Usually, it is
considered that the Thai writing has three levels: upper, middle, and lower levels. There are seven
different types of characters, symbols, and marks consonant, upper vowel, lower vowel, front
vowel, rear vowel, tone and karan (The pronunciation cancellation symbol). These different
characters, symbols, and marks are configured in a way that the main consonant comes in the center
and all the other symbols and marks are placed around it. (0, indicates word boundaries (Tongtep

and Theeramunkong, 2011).

2.3 Thai Character Clusters

The concept of Thai character clusters (TCCs) was first proposed by
Theeramunkong, et al. (2000). Thai character clusters are the set of combinations of characters that
can be regarded as inseparable units, which smaller or equal a word, bigger or equal a character,
meaningful or meaningless. as usually 26 types of TCCs are employed as in Table 2.1. TCCs are
descriptive rules of character combinations: e.g., a vowel is always located together a consonant
(e.g. “ll‘ﬂ”, “u1”, “3” and “¥”), and a tone mark always appears above a consonant (e.g. “Uliki”, “%”,
“3” and “99”) (Tongtep and Theeramunkong, 2011). It is known that converting the original text

using TCCs as a preprocess improves the subsequent procedure of word segmentation, and this

research also employs TCCs.
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Table 2.1 Type of Character Cluster (Tongtep and Theeramunkong, 2011)

Symbol | Type Example Symbol | Type Example

Tl C+VF (Fontvowel) |lo'lowoue To |TIT |C+VF+T T1+T

T2 C+VB (Right vowel) |92 8101 T2T  |C+VB+T T2+T

T3 C+VU (Upper vowel) | 8-8 68800 |T3T | C+VU+T T3+T

T4 C+VL (Lower vowel) | ® T4T C+VL+T T4+T
A 4

TT C+T 9 9- 9- 9- TK C+Karan ]

T6 C+VF+VB 9% LD 1’03 1912 | T6T C+VF+VB+T T6+T

T7 C+VF+VU 10- TIT  |C+VF+VU+T T7+T

T8 C+VB+VU 972, 92 TST  |C+VB+VU+T TS+T

T9 C+VF+VB+VU 082 1992 108 |T9T | C+VF+VB+VU+T|T9+T

S Space <space> v Vowel i 1711

D Digit 0-§,0-1 P Punctuation @#H$%&* 19

T Yo+
C Consonant -8 T Tone RG]
E English a-z, A-Z 0] Other

2.4 Natural Language in Thai Social Media

There are many social media services such as Twitter, Facebook, LINE, Instagram,
and Google Plus, to name a few. Each of them has different foci in media and topics. For example,
Instagram focuses on photo sharing; Twitter focuses mainly on short texts; LINE is more dedicated

to private communication, etc. However, three of the important common features are the easy
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sharing of articles and other media from both inside and out of a social media service, the use of
LIKE buttons which is used to conveniently express a reactive feeling of the reader, and textual
comments. As all these three common features represent sentiments, how a user feels or thinks
towards something, many studies have been conducted on sentiment analysis. Among them, text
sentiment analysis with articles and user comments have been pursued, as well as other text mining
tasks (He, et al., 2013; Balahur and Perea-Ortega, 2015; Hirankan, et al., 2013; Kunpattanasopon,
et al., 2017). This research performs text sentiment analysis with Thai textual data, and the basic
process of sentiment analysis is discussed in Section 2.5.

Many sentiment analyses of social media contents have focused on LIKE buttons,
because they are the most convenient way for users to express their reactive feelings towards a
content. For example, Facebook currently has six different LIKE buttons: Like, Love, Laugh, Wow,
Sad and Angry, although until 2016 Facebook had only one LIKE button. Even when a social media
service provides different types of LIKE buttons, however, the most general LIKE button “Like” is
most used. In the case of Facebook, its user interface first presents Like, and the other buttons are
shown a bit later. Thus, regardless of the number of different LIKE buttons, users often use the
general LIKE button. It means that users often use the general LIKE button even when their reactive
feeling is more of Sad or Angry. Thus it is all the more important to analyze user comments, and

this research focuses on texts.

2.4.1 Characteristics of Social Media Texts

We can separate characteristic of social media of texts in 2 types:

1) Text from news or article, the official language, there are few mistake and
validation before presentation.

2) Text from user comment, it is usually written in very informal ways without

careful proofreading before posting in most cases. User comments contain non-standard spellings,
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slangs, word plays, and have frequent use of emoticons, onomatopoeia words, etc., to express their

feelings more casually and expressively.

2.4.2 Characteristics of Thai social media texts and how they have been treated

Thai social media texts writing is different from Thai official language writing due
to Thai writing complexities such as word separation. In addition, texts in social media are very
short and contain many noises such as emoticons, slangs, advertisements, word plays, wrong or
non-standard spelling variations and words that are deliberately written wrongly to make a sound
like a written word such as “1% 1% 918~ (yes) and special characters instead of Thai consonant are
also used in some words. All these make word segmentation, which is the first step of text analysis,

more difficult. (Aroonmanakun, 2002; Wilson, et al., 2005; Tongtep, 2013).

2.5 Noise Reduction

Noise reduction is a part of pre-processing to remove unnecessary parts in the text
for sentiment analysis. This pre-processing is mandatory because social media text is written in an
informal style and contain much noise such as special character, emoticon, extra repetitions of
characters, etc. Some studies conduct this process rather ad hoc, but a systematic treatment is

desirable. There are roughly two approaches: a heuristic approach and a machine learning approach.

2.5.1 Heuristic Approach
A heuristic approach is a noise reduction technique devised by human experience,
and it usually consists of a set of rules to convert strings into others. Typically, such rules are

prepared for five different types of noises: URLSs, extra repetitions of characters, advertisement and
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spam, special characters, and emoticons (Hemalatha, et al., 2012; and Kunpattanasopon, et al.,
2017). Kouloumpis and other (Kouloumpis, et al., 2011; Wang, et al., 2012; Ortigosa, et al., 2014)
detect and replace redundant characters by replacing more than two same characters with the same
one or two characters. Bigi and other (Bigi, 2011; Zhang, et al., 2011; Mulkalwar and Kelkar, 2012;
and Balahur and Perea-Ortega, 2015) employed a dictionary to detect and checked whether each

word is contained in the dictionary or not.

2.5.2 Machine Learning Approach

A machine learning approach applies a machine learning method to noise
reduction. Hirankan, et al. (2013) proposed a technique to detect wordplay tokens in Thai social
network text by applying a Thai word segment tool based on Conditions Random Fields (TLex). It
tries to detect repetitions of Thai consonantal character and vowel characters in wordplay tokens.
Jiamthapthaksin, et al. (2016) proposed a technique to extract Thai slangs from social media posts.
They applied a word n-gram approach to detect slang words. Kunpattanasopon , et al. (2017),
applied Conditions Random Fields to detect word spelling errors after minimum heuristic noise

reductions, which is part of this thesis.

2.6 Sentiment Analysis

Sentiment analysis or opinion mining is the task of analysis of identifying
opinions, emotions, and evaluations into the polarity of positive and negative or more types, most
are in the text classification category. (Jain and Nemade, 2010; Wilson, et al., 2005; Tsihrintzis,
2013). Few year ago, sentiment analysis have been a number of research focus on social network
such as: Facebook (Ahkter and Soria, 2010; Troussas, et al., 2013; Ngoc and Yoo, 2014; Ortigosa,

et al., 2014), Twitter (Kouloumpis, et al., 2011; Nielsen, 2011; Khan, et al., 2015; Nakov, 2017,
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Ray and Chakrabarti, 2017; Rosenthal, et al., 2017), News article (Ahmad, 2006; Godbole, et al.,
2007; Bautin, et al., 2008; Balahur, et al., 2013) and product and service (Thanangthanakij, et al.,
2012; Guzman and Maalej, 2014; Fang and Zhan, 2015)

However, by the basic idea is the same: constructing a sentiment dictionary for the
targeted textual domain in which each listed word has its positive or negative value, and then
estimating the sentiment value of a text by summing up the frequency of the words in the sentiment
dictionary that appear in the text. However, any sentiment estimation techniques are based on a
sentiment dictionary, and thus the availability and reliability of a sentiment dictionary for a targeted
textual domain is critical.

In Thai language, also have many research applied sentiment analysis technique
with Thai social media text such as: Inrak and Sinthupinyo (2010), applied Latent Semantic
Analysis (LSA) to classify emotions in Thai text by compared 3 machine learning and two models,
Chirawichitchai (2014) classified Thai social media text in to six emotions which compared
machine learning technique and deference feature technique, Sarakit, et al. (2015) classifying six
emotion in Thai YouTube comment which three machine learning are comparison, and Vateekul
and Koomsubha (2016), classify sentiment of Thai twitter data by applied two deep learning
technique: Long short Term Memory (LSTM) and Dynamic Convolutional Neural Network

(DCNN).

2.7 Sentiment Dictionary Construction

Sentiment dictionary or sentiment lexicons is list of words have polarity value:
positive and negative use for sentiment estimation or sentiment analysis.

However, many researches proposed technique to construction dictionary such as:
Steinberger, et al. (2011) proposed “Creating Sentiment Dictionaries via Triangulation”, the

technique to created two sentiment dictionaries (English and Spanish) and performed the pivot
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language dictionaries to other languages by the overlap of the translations. However, this technique
also necessary the initial sentiment dictionary. Which the sentiment dictionary construction based
on semantic orientation from association (SO-A) (Turney, 2001) which is an unsupervised learning,
by calculate association between target word and reference word, there are two techniques:
Semantic Orientation from Pointwise Mutual Information and Information Retrieval (SO-PMI-IR)
and Semantic Orientation from Latent Semantic Analysis (SO-SA) which the SO-PMI-IR technique
is simply way and suitable for a big data set (Turney and Littman, 2002)

So, in this research construct sentiment dictionary from textual comment data by
applied the SO-PMI-IR algorithm proposed by Church and Hanks (1990). The PMI-IR is original
approach based statistically technique to estimate the semantic orientation of word by calculated
association of target word to reference word (hereafter, we will call such a pair a “seed word”).

Seed word is a reference word has polarity to strong positive or strong negative
that the polarity cannot be changed in any context such as “Excellent” and “Poor” or synonym,
antonym and adjective. (Turney, 2002; Esuli and Sebastiani, 2005; Yuen, et al., 2004; Taboada, et
al., 2006), by estimate sentiment value of word with PMI as defined in Equation 2.1 and semantic

orientation (SO) defined as in Equation 2.2

Ptx.y) ) 2.1

PMI(x,y) = log, (WPQ})

PMI is a measure of association between target word () and seed words (y), by
defined x is target word, Y is seed word, P(x, y) is probability that appear both X and y co-occur
in data, P (x) is probability that appear X in data and P (y) is probability that appear Y in data. The
ratio of log of P(x,y) and P(x) P(y) is a statistical dependence between (x) and () per

amount of data that acquire about the one of words.

SO = Z PMI(x,positive seed word) — Z PMI(x,negative seed word) (2.2)
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SO is calculate sentiment value of target word (x) by sum PMI positive minus
sum PMI negative. There are researches that applied PMI-IR algorithm in his research such as:
Morpheme-based Derivation of Bipolar Semantic Orientation of Chinese Words (Yuen, et al.,
2004), Methods for creating semantic orientation dictionaries (Taboada, et al., 2006) and Automatic
identification of sentiment vocabulary: exploiting low association with known sentiment terms
(Gamon and Aue, 2005).

In addition, SO-PMI-IR also have two popular various of “AND” operation and
“NEAR” operation. For “AND” operation is total number of user comments contain both target
word and seed word as Equation 2.3. For “NEAR” operation is count number of user comment
contain both target word and seed word within the pre-defined distance in a comment as Equation

2.4.

hit(x AND positive_list)hit(negative_list)
S0 =log, | = — (2.3)
hit(x AND negative_list)hit(positive_list)
hit(x NEAR positive_list)hit(negative_list
SO =log .( P ._.) .( g” _.) (2.4)
2 \ hit(x NEAR negative_list)hit(positive_list)
Positive_list = (good, nice, ..., superior) 2.5)
Negative_list = (bad,nasty, ..., inferior) (2.6)

In addition, also have public Thai sentiment dictionary that collected in
PyThaiNLP (PyThaiNLP), which is a python package for Thai language. In this research chose only
the lexicon Thai of sentiment dictionary to sentiment classification in classification part

describe in Section 5.6.2.
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2.8 TF-IDF

In text classifier, the important thing is feature of word feature, which each feature
has value are deference. For the most popular technique for feature calculation is Term Frequency
Inverse Document Frequency (TF-IDF) (Paltoglou and Thelwall, 2010; Xia and Chai, 2011;
Breitinger, et al., 2015) which is a basic of word or term of vocabulary by count the number of each
word that occurrences in whole document and bring the words frequency to compared with invest
document frequency. It can measure the important of word and document in the corpus represented
in matrix format, and this approach also reduce length of document (Blei, et al., 2003).

TF-IDF evolved from IDF which is proposed by Sparck Jones (Sparck Jones, 1972;
Spérck Jones, 2004) which consist of two parts are Term Frequency (TF) and Inverse Document

Frequency (IDF) as follows.

2.8.1 TF
TF is term frequency, the method for measure weight of each word (term) that

occurred in document, it can be calculated as follow Equation 2.7.

Wi,j = TFi,j 2.7

Where i is term and j is document, W; j mean weight of term 7 in document j

2.8.2 IDF
IDF is inverse document frequency, the method for measure the important of word

(term) relate with all document, it can be calculated as follow Equation 2.8.
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N
IDF; = log, (n_> +1 (2.8)

l

Where N mean the total number of documents divided by 1; the number of

document that appeared term i that appeared at least one term and take the logarithm of them.

N
TFi,j * IDFl = TFi,j * lng (—) +1 2.9

l

When computing the TF-IDF those components are multiply as Equation 2.9. The
result of TF-IDF show that the term occurs very often in the all document that mean this term such
as “the”, “and” and “a” that word is not good represents the stop word but the term intensively
appears in some documents probably represents the topic of a document category (Xia and Chai,
2011).

However, due to the TF-IDF weighting schemes is widely popular and common
text classification (Wang, et al., 2014; Das and Chakraborty, 2018), there are many researches
applied TF-IDF model with their research in text document field such as:

- A Fall-back Strategy for Sentiment Analysis in Hindi: a Case Study (Joshi, et
al., 2010), by analysis Hindi movie review by translation the document in Hindi to English, then
applied LibSNM with Term Frequency, TF-IDF, Term Presence to classification which the
accuracies of TF-IDF representation are the highest.

- Automatic Mood Classification Using TF*IDF based on Lyrics (Van and
Kanters, 2010), by applied TF-IDF to classification lyrics of song to automatic assignment mood
for user. The result show that TF-IDF can be used effectively to identify word that describe mood

of lyrics.



20

- A Clustering-based Approach on Sentiment Analysis (Li and Liu, 2010), by
applied K-mean clustering the sentiment analysis movie review data by applied TF-IDF weight
method compared with frequency method. The result is that the TF-IDF gives batter results.

- A Sentiment Analysis Model for Hotel Reviews based on Supervised Learning
(Shi and Li, 2011), by analyzed sentiment of hotel review comments with support vector machine
and compare between frequency and TF-IDF feature. The result show that the information of TF-
IDF is more effective than frequency at the precision 85.2%, recall 89.2% and F-score 87.2%.

- Improving Native Language Identification with TF-IDF Weighting (Gebre et
al., 2013), by applied TF-IDF weighting schemes and using linear classifiers support vector
machines to identification Native Language and using 10-fold cross-validation which achieving the
best accuracy is 84.55% come from feature that TF-IDF combined unigrams and bigrams of words.

Thus, in this research also use bag-of-word and TF-IDF model to represent the

feature value describe Section 5.4.1.

2.9 Classification Algorithm

Classification Algorithm is a very necessary technique for text classification. In
our study, we found that there are 3 algorithms that are popular or comparable: 3 algorithms:
Decision Tree, Naive-Bay and Support Vector Machine (SVM) (Chirawichitchai, 2014; Ortigosa,
et al., 2014; Wang, et al., 2014; Sarakit, et al., 2015) and one more algorithm for labeling noise

reduction is Conditional Random Fields (CRFs).
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2.9.1 Decision Tree

Decision Tree is a popular classification model and easy for human to understand
learned result. Decision Tree model is a flowchart like upside down tree structure consist of node
and branch, when there are new data it will bring the feature of new data to compare with node in
each branch in tree until last node.

Node denotes attributes used to test attributes or decisions can be divided into 3
types: 1) Root node is the topmost note in a tree and beginning node, not have branches come in to
this node but have branches go out to other node 2) Internal node is node that branch come in and
go out and 3) Leaf node or terminal node is last node that holds a class label. Branch is line connect
the relationship between node. Which each branch represents the result of the value of the attribute

as Figure 2.3.

Root node

Young Middle age Senior

Branch

Yes No Yes
_________ 0 ~~~~~~ Leaf node

Figure 2.3 Decision Tree

_.-Internal node

In the process of creating a decision tree model, by select the attribute that
influence the highest classification to root node, then find more the attribute that influence the
highest classification to the next node unless the condition of decision will be true. Which the
algorithm to create decision tree model as: ID3, C4.5, C5.0 and CART.

ID3, C4.5 and C5.0 algorithm proposed by Quinlan (2014) first developed the D3
algorithm by calculate the Information Gain of each attribute to select highest value of attribute add

to each node, which repeat until the data is completely categorized. Then, proposed C4.5 algorithms
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to solve the bias problem in ID3 algorithm. For C5.0 algorithm, there are similar procedures C4.5
algorithms which increases performance of classification, optimized memory usage and suitable big
data, but development of commercial software.

CART or Classification and Regression Trees algorithm (Breiman, 2017) is binary
tree, each node consists of only two branches as Figure 2.4. by calculate Gini Index for selection

each attribute to be the root node and leaf node.

Age

Student Credit

\

No

[ ]
<=25 > 25
/ \ /
Yes No Yes
QD> (D QD (D

Figure 2.4 Binary Tree

However, most important thing to consider when creating decision tree is that the
appropriate feature selection to be the root node and leaf node. by feature selection technique:
Information gain and Gini Index.

Currently, decision tree model applied for NLP problems such as: Automatic
Corpus-Based Thai Word Extraction with the C4.5 Learning Algorithm (Sornlertlamvanich, et al.,
2000), Discovery of predicate-oriented relations among named entities extracted from Thai texts
(Tongtep and Theeramunkong, 2012), Detecting Romanized Thai tokens in social media texts
(Moknarong, et al., 2013) and Thai stock news sentiment classification using wordpair features
(Netisopakul and Chattupan, 2015). In this research, we used decision tree to sentiment

classification in Chapter 5
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2.9.2 Naive-Bayes

Naive-Bayes or simple Bayesian are statistical classifiers based on applying
Bayes' theorem (Bayes and Price, 1763) Which is less complicated. Can predict results and explain
them. By analyze the relationship each independence variable to create the probability condition for
each relationship. Theoretically, the results of Naive-Bayes will be correct if all feature are
independence. Bayes' theorem used probability calculation is called conditional probability, mean
probability of the event A If there is another occurrence B, this can be calculated as follow Equation

2.10.

P(A|B) = P(Bllf(ll);)) (4) (2.10)

B instead of attribute used to calculate the posterior probability of A
P(A|B) is posterior probability of A conditioned on B

P(B|A) is posterior probability of B conditioned on A

P(A) is prior probability of A

P(B) is prior probability of B

Naive- Bayes calculates the probability of each attribute affecting the class as: X
is data train consist of attribute N number X = (X, X,, X,, ..., X,) and has class M (C,, C,, C,, ...,

C,) which can be written as Equation 2.11.

P(Ci|X) = P(XLCE))(?(Q) .11)

Naive-Bayes has been applied to many researches in machine learning particular
text classification such as: Thailand Tourism and conflict: Modeling sentiment from Twitter tweets
using naive Bayes and unsupervised artificial neural nets. (Claster, et al., 2010), Multi-stage
annotation using pattern-based and statistical-based techniques for automatic Thai annotated corpus

construction (Tongtep and Theeramunkong, 2011) and S-Sense: A sentiment analysis framework
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for social media sensing (Haruechaiyasak, et al., 2013). So, we used Naive-Bayes model to

sentiment classification in Chapter 5.

2.9.3 Support Vector Machine (SVM)

SVM is a supervised learning method algorithm that proposed by Corinna Cortes
and Vladimir Vapnik (1955). The SVM was designed to discriminative classification the binary
class by the SVM to find and create the best linear that maximum margin to separate between two
class which called hyper plane (Takeuchi and Collier, 2005; Nomponkrang and Sanrach, 2016) by
focus on optimal separating hyper plane. Figure 2.5 illustrates an example of SVM, the objects
belong either to class green-circle or red-square. The separating line defines a boundary on the right
side of which all objects are green-circle and to the left of which all objects are red-square. SVMs
find the line passing as far as possible from all points. And use a kernel function to change low
dimension dataset on Input Space up to height dimension dataset in Feature Space for dividing
linear data (Dumais, et al., 1998; Choksuriwong, 2012). In additional there is also developer tools
for SVM such as: Joachims (1999) proposed the SVM light and Chang and Lin (2011) proposed A

Library for Support Vector Machines (LIBSVM).

A
& O .
‘\@so‘ Q @)
\!\'-)
.' O /"‘)
U/ s
O A O, )
RN
- f‘?‘?}b )
g R . R
O s, R, @
0O gt "% ®
. %
O O O Yo
O O

Figure 2.5 Support Vecter Machine (SVM) Classification
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However, the training data mostly non-linear, which solve this problem with used
kernel function. Kernel function is a function to move low dimensional input space transform to a
higher dimensional space for find non-linear hyper plane. It is mostly useful for non-linear
separation. Which popular kernel function of SVM as: Linear kernel, Radial basis kernel (RBF),
Polynomial kernel, Sigmoid Kernel.

The SVM algorithm is very popular in many task, therefore the researcher applied
SVM to many field as: An Empirical Study on Multi-Dimensional Sentiment Analysis from User
Service Reviews (Thanangthanakij, et al., 2012), Sentiment analysis using support vector machine
with diverse information sources (Mullen and Collier, 2004) and Twitter as a Corpus for Sentiment
Analysis and Opinion Mining (Pak and Paroubek, 2010).

In this research, we used linear kernel function for our classification, based on our
study, we found that the linear kernel function is a simplest kernel function and suitable for text
classification (Joachims, 1998; Chirawichitchai, et al., 2010; Joshi, et al., 2010; Paltoglou and
Thelwall, 2010; Mulkalwar and Kelkar, 2012; Chirawichitchai, 2014; Balahur and Perea-Ortega,

2015) which the equation of linear kernel showed that Equation 2.12.
K(x- x-) = x!x; (2.12)
irAj iy :

2.9.4 Conditional Random Fields

Conditional random fields (CRFs) (Lafferty, et al., 2001) are a supervise learning
based on discriminative undirected probabilistic graphical model for calculating the conditional
probability. CRFs has developed from Maximal entropy markov models (MEMMs) by used
advantage of MEMMSs and solves the label bias problem (Klinger and Tomanek, 2007; Feng, et al.,

2008; Sutton and McCallum, 2012) for the CRFs equation as Equation 2.13.

T K
1
P(:le) = Z(x) exp z z ﬂkfk(yt_l,yt,x,t) (2.13)
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Where P(y|x) is conditional probability, Y is a sequence of result, X is a
sequence of result, K is a number of function, T is a position, ﬂk is a weight of feature function,

f & is a feature function and Z (x ) is a normalization function can be writing in Equation 2.14.

T K
Z(x) = z exp Z Z ﬂkfk(yt_l,yt,x,t) (2.14)

y t=1K=1

For general, CRFs used for labeling, segmenting and part-of-speech tagging such
as A Supervised Learning based Chunking in Thai using Categorical Grammar (Supnithi, et al.,
2010), Simultaneous character-cluster-based word segmentation and named entity recognition in
Thai language (Tongtep and Theeramunkong, 2011) and LexToPlus: A Thai Lexeme Tokenization

and Normalization Tool (Haruechaiyasak and Kongthon, 2013).

2.10 Recommendation

Recommendation is a frequently used technique to recommend something,
whether it is a news article, a produce, or a service, to someone according to their past related
activities and/or other people’s activities similar to him, which many researches applied to many
tasks such as citation recommendation system (Zarrinkalam and Kahani, 2012), product
recommendation system (Linden, et al., 2003) and TV program recommendation (Barragans-
Martinez, et al., 2010). However, this system is work, it requires the analysis of information from
user such as voting or user comment. The recommendation consists of 1) prediction phase to analyze
the information about user preferences to item that used or seen to predict user preferences of new
item. 2) recommendation phase to use score of new item in previous phase recommend to user
(Burke, 2002).

In general, the recommendation can be divided in two approaches: content-based

and collaborative filtering (Sarwar, et al., 2001). The content-based, use characteristic of item that
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user used or seen to check similarity of new item to recommend user (Pazzani and Billsus, 2007;
Cantador, et al., 2010). On the other hand, the collaborative filtering to recommend new item to
particular purpose of user based on history of user (Linden, et al., 2003; Yu, et al., 2017). However,
the collaborative filtering can be divided to two main categories: Memory-based and Item-based.
The Memory-based collaborative filtering or user based is a technique to prediction from statistical
by group of similarity behaves of users, known as neighbors. The Model-base collaborative filtering
or item based is a technique to prediction from the history user of probability of an item being used
or purchased simultaneously (Breese, et al., 1998; Sarwar, et al., 2001).

In additional, also proposed other technique to recommendation such as: Pazzani
(1999) proposed Demographic Filtering by applied collaborative filtering with user personal
information such as: age, gender, education, job, area code, employed and etc., and Garcia-Crespo,
et al. (2011) proposed a Sem-Fit: a semantic based expert system to provide recommendations in
the tourism domain by applied fuzzy logic techniques with consumer’s experience to expressed

customer and hotel characteristics.
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CHAPTER 3

Overview of the Proposed Methodology

3.1 Introduction

This thesis aims to propose a new method to make classification of news articles
according to each user, based on the estimation of the sentiment value of the corresponding user
comments by each user, which is then based on the construction of sentiment dictionaries with
aggregated datasets from a social media, Facebook. The target language is the Thai language, and
as already discussed in Chapter 1 and Chapter 2, social media texts need a strong noise reduction

method, which is also investigated in this thesis.

3.2 The Overview Framework

The overview framework of the research in this thesis is schematized as in Figure
3.1. It consists of 5 parts:
(1) Data collection of two datasets: news articles and user comments

(2) Text Normalization (Noise reduction)



(3) Sentiment dictionary construction for both datasets

(4) Sentiment estimation of user comments
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(5) Sentiment classification of news articles according to each user and

recommendation
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Figure 3.1 The Overview Framework
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This research used data from two sources: 1) user comments from news providers’

Facebook fanpage and 2) news article from news provider main websites as in Figure 3.2. They are

related in a way that users can post their opinion at their Facebook fanpage to news articles at their

main website.
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Figure 3.2 Data Collection
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We choses 8 news providers from totally 13 news providers on condition that a

news provider must have both main website and Facebook fanpage whose users exceeds 500,000

people. In Table 3.1, we showed the news providers: MorningNews TV3, Khaosod, Thairath,

Workpoint Entertaimnent, NationTV 22, Komchadluk, Daily News Online and Matichon Online.

Table 3.1 List of News Providers

No. News Provider Provider Website Number of Likes
(12-Jan-2014)
1| MorningNews TV3 http://morning-news.bectero.com 9,490,592
2| Khaosod https://www.khaosod.co.th 8,109,166
3| Thairath https://www.thairath.co.th 5,176,584
4| Workpoint Entertaimnent | https://workpointnews.com 4,955,885
5| NationTV 22 http://www.nationtv.tv 2,409,153




Table 3.1 List of News Providers (cont.)
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No. News Provider Provider Website Number of Likes
(12-Jan-2014)
6| Komchadluk http://www.komchadluek.net 1,333,355
7| Daily News Online https://www.dailynews.co.th 1,108,701
8| Matichon Online https://www.matichon.co.th 658,269

These two types of data are scraped as explained in the next subsection.

3.2.1.1 User Comment Collection Data

We auto accumulated textual user comments by created PHP script connecting

to Facebook news provider fanpage through Facebook Graph API 2.5 by collecting the URL of

news articles, user “Like”, “Share” of news articles, and user comment as in Figure 3.3, then stored

them in the MySQL database.
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Figure 3.3 User Comment Collection

As in Figure 3.3, a post in Facebook fanpages consists of three parts: Headline and
illustration, User “Like” and “Share” button and user comments. First, the headline and the
illustration part show the title and the figure of the news article whose hidden URL is linked to the
whole news article in the provider main website, and we used this URLs for collecting textual news
article data. Second, user “Like” and “Share” button is used by Facebook users to show LIKE or
share this article on their Facebook timeline. Third, the user comments part shows people’s

comments and the text box to write a new comment.

3.2.1.2 News Article Collection Data
In this part, we also accumulated textual news articles by accessing to the URLs

of news articles that are collected in user comment collection data part and retrieved them with PHP
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Simple HTML DOM Parser, which is a PHP library to access to the topic and details to store in the

MySQL database as in Figure 3.4.

MATICHON ONLINE e ® ® @
@ iniewhin aflas~ s T - aNA - dan - andnn - Takad - M- BXM - NTERNATIONAL
[ TS T T

(X © 098-280-2808 (/f) ® 092-249-7065
Gunluund) i‘: v @ 061-412-0724 KW ® 098-014-8958

Insibwr 02-560.0021 #0 1633, 2326, 1653, 1621

i

Headline of Article -{

f

[llustration <<

“aun” Uustunndrumie dibisviSands hifusumiotusy,
4 unAutizhuftué

Content <<

Figure 3.4 News Atrticle Collection

All data were collected over two years from January 2014 to January 2016. The

amount of data that we collected is shown in Table 3.2.

Table 3.2 Summarized Data

Data Records Words Characters

News Articles 172,189 ~ 85,000,000 | ~ 340,000,000

User Comments 8,34,3126 ~ 110,000,000 | ~ 432,000,000




3.2.2 Text Normalization

From Figure 3.5, The part of text normalization is designed to remove various

noise in textual user comments and textual news articles.

Textual User II
Comment

Textual News I
Article

Figure 3.5 Text Normalization

From my survey of our data found that social media texts contain many noises.

Text Normalization

Heuristic Noise
Reduction

i Heuristic Cleansed
i User Comment
v

Heuristic
Cleansed News
Article

CRFs Noise
Reduction

CRF's Cleansed
User Comment

Typical of them are listed in Table 3.3.

Table 3.3 Type of Noise in Social Media Texts

Type of Noise

Example

Spelling errors

A a d‘ a .
IDUU : 1ATDIUU (Airplane)

Special characters and emoticons

, *, .8,:),=D, P

Repetition of the same characters

AUINNNN (Veryyy Good)

Punctuations

=),

b2 B T

Dialectal variations

N1 00N0 = UzazND (Papaya)
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Table 3.4 Type of Noise in Social Media Texts (cont.)

Type of Noise Example
Word play %:JWWW 1yl (Kiss sound)
Slang 1A9UDU (Phra Dhammakaya Temple)
Repetition of the same words 313131 (hahaha)
Spam advertising maaumumﬂszsmﬁmﬁ’uf .. (Request Information...)
URLs http://www .thairath.co.th, https://www.matichon.co.th

However, this research have two datasets: textual user comments datasets and
textual news article datasets. These two datasets have different characteristics. Textual user
comment data consist of many noise types, and only the application of rules is not enough. Many
past studies on the Thai language processing seem to have had manual corrections, but as my dataset
is fairly large, such manual corrections are almost impossible. Thus, the application of machine
learning is considered. We propose a hybrid noise reduction method using both heuristic rules-
based method and a machine learning method. More specifically we propose the employment of
CRFs for Thai spelling variation checks. This will be discussed in Chapter 4, with experiments to
find the best noise reduction technique for our dataset.

For the textual news articles data, textual news article data need noise reduction,
but the necessary noise reduction is different from user comments, because, unlike user comments,
news articles are professionally written and checked, and do not contain emoticons, special
characters, and various non-standard spelling variations in principle. On the other hand, noises
remain coming from data scraping processes such as HTML tags, URLSs, pictures and videos. These
noises are the target of heuristic approaches. Thus, we used only the related heuristic noise reduction

method for news article data.
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3.2.3 Sentiment Dictionary Construction

In my framework, the sentiment value of words will be used in two different
datasets: user comments data and new articles data. Thus, different sentiment dictionaries are
constructed for each purpose. User comments sentiment dictionary is used to estimate the polarity
value of user comments data for class labels in supervised data for machine learning sentiment
classification part. On the other hand, news article sentiment dictionary is used to represent the
polarity feature value of supervised data in sentiment classification part as described in Section

5.4.3.

Sentiment Dictionary Construction
Heuristic || [777” g PMI Seed words
Cleansed News Calculation List
Article
PMI Value

— : = .

. . SO Calculation Sentiment
CRFs Cleansed Dictionary
User Comment

Figure 3.6 Sentiment Dictionary Construction

Although the sentiment dictionary for user comment and that for news artilecles
are separately constructed, the construction method is the same as Figure 3.6, by using SO-PMI-IR
algorithm to calculates association values between the target word and each seed word, which is
already described in Section 2.5. We prepared initial 12 seed word, 6 words are strongly positive
seed words and 6 words are strongly negative seed words as in Table 3.4 for both sentiment

dictionaries.



Table 3.4 List of Seed Words (6 positive words and 6 negative words)

Positive Seed Words

Negative Seed Words

14 (Good at)

INAA (Hate)

30 (Love)

14 (Stupid)

Qv (Happy)

% (Bvil)

¥91 (Like)

Tuweu (Dislike)

a (Good)

lua (Not good)

a9 (Beautiful)

197 (Bad)
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In addition, we also adopt two settings of SO-PMI-IR algorithm with “AND”

operation and SO-PMI-IR algorithm with “NEAR” operation for comparison.

3.2.3.1 SO-PMI-IR algorithm with “AND” operation

“AND” operation counts the co-occurrence of the target word and a seed word
within the same user comment, and the same polarity as the seed word is given to the target word.
This is the simplest way but it also has the risk to miscount accidental co-occurrences within a

comment as Figure 3.7.

Seed Word Target Word

I
|
I
[} v +
|a137 | i waa|ade| | @] d | d|aw|inas|fwiau|uaa]ate]37] a1 dw|awuuy|

1 2 3 4 5 6 7 8 9 1011 12 13 14

Figure 3.7 Example of SO-PMI-IR with “AND” Operation
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3.2.3.2 SO-PMI-IR algorithm with “NEAR” operation

“NEAR” operation counts the co-occurrence of the target word and a seed word
within the pre-defined distance in a comment. In this research, the distance is decided as 10 words,
which means that the case that the target word co-occurs with a seed word with the distance of more

than 10 words is ignored for sentiment calculation as Figure 3.8.

Seed Word Target Word

== - -

[ +
=

|an57 |t dnaa|a 9| dea|d|an|vinaia|nw|iiau|uad]ane| 3] d|ars | I w| awuuy|

1 2 3 4 5 6 7 8 9 1011 12 13 14

Figure 3.8 Example of SO-PMI-IR with “NEAR” Operation

3.2.4 Sentiment Estimation
In this part is the polarity value calculation of user comment to the class label on
whether a user comment is positive or negative is not available, and thus classification techniques
cannot be applied. Instead, we propose a summative method with which the summation of the
sentiment value of words in the constructed sentiment dictionary is regarded as the polarity of the

text.
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-~
d Sentiment Estimation

CRFs Cleansed | | [-eeeefeemmeeees » Polarity Estimation S(_ent_iment
Dictionary

User Comment

Polarity Value

Figure 3.9 Sentiment Estimation

From Figure 3.9, we calculate the polarity value of user comments with the
sentiment value of words in user comment sentiment dictionary that are constructed in Section 3.2.3.
The calculation can be divided into two parts as in Figure 3.10: First, we add the sentiment values
in the user comment sentiment dictionary and the sum is divided by the total number of the
sentiment words. Second, we evaluate the sentiment value more than 0.3 as positive, between 0.3

and -0.3 as neutral, and less than -0.3 as negative.

inssu(laflas|nenssuiiumujauee/lusa iy
| -0.53 [0.26] 0.34] 10.23]-0.02 | -0.72 |0.32[-0.19] 0.19]
1 2 3 4 5 6 7 8 9

Positive = 0.26 + 0.34 +0.23 + 0.32 + 0.19 =1.34

Negative =-0.53 - 0.02 - 0.72 - 0.19 =-1.46

1.34-1.46 _ -0.12
.

=-0.013

Figure 3.10 Estimate Sentiment Value of User Comments



3.2.5 Sentiment Classification

As in Figure 3.11, this part is the final classification of new articles according to
each user is performed using three different machine learning methods: Decision tree, Naive Bayes
and SVM. Importantly we conducted the second experiment by applying the estimated value of the
corresponding user comment that is estimated in Section 3.2.4 as the supervised class label, which

enables this classification. We will discuss the effect of this method by comparing different

conditions in feature vectors and machine learning method in Chapter 5.

/Sentiment Classification

IH istic Cl d Feature .

SUristic cansc . ) N SLLLEETTIN

News Article | Construction

_______4_.-—"‘_"-—_._-_ r

Feature Vector
I - N Feature Value

Sentiment Calculation
Dictionary |

Data Training

Machine Learning
Classification

Obtamed Classifier

for Recommendation

Figure 3.11 Sentiment Classification

Finally, we have the obtained classifier for recommend a new news article to each

user according to the tendency of their past comments on past news articles.

Polarity Value
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3.3 Conclusion

In this chapter, we explained our research frame work that consists of 5 parts: Data
collection, Data Normalization, Sentiment construction, Sentiment estimation and Sentiment

classification.
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CHAPTER 4

Sentiment Value Estimation of User Reviews

4.1 Introduction

In this chapter, a method to estimate the sentiment value of user comments is
proposed. Before going into details, several difficulties should be pointed out.

First, user comments are written by ordinary people in a very informal manner
and contain a great many of non-standard language use including non-standard or wrong spellings,
slangs and other colloquial expressions, as well as HTML tags and other noises usually found in
scraped data. Thus, a systematic way of strong noise reduction has to be devised. This is discussed
from Section 4.2 Text Normalization.

Second, my dataset of user comments naturally does not contain the class label
whether each comment is positive or negative, and due to the large size of dataset, manual tagging
is impossible. Thus, the summative estimation of the sentiment value is the only applicable
method, which requires a sentiment dictionary with which sentiment words are given their
sentiment values. For other languages, there are several publicly available well-edited sentiment
dictionaries, but as far as we know there is only one publicly available sentiment dictionary from
PyThaiNLP (PyThaiNLP), but the number of entry words is approximately 930 (465 positive
words and 465 negative words). As each user comment is usually very short, so if the number of
entry words in the sentiment dictionary is small, it is likely that many user comments will not
contain any sentiment words, which lead to the failure of sentiment calculation. Thus, a sentiment

dictionary should be constructed by my own dataset, which is discussed in Section 4.3.
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Third, based on the constructed sentiment dictionary, each user comment should
be assigned with a sentiment value. This is discussed in Section 4.4.

The overview of this chapter is shown in Figure 4.1. Thus, the main aim of this
chapter is to assign a sentiment value to each user comment, but the main discussion goes to how

to remove noise more effectively, caused by the Thai writing difficulties.

User Comment Data

Text normalization

Sentiment Dictionary
Construction

h 4

Sentiment Estimation

Class Label of User
Comment

Figure 4.1 Overview of Text Normalization

From Figure 4.1, we used only user comment data to remove general noises by a
heuristic approach, then we used a machine learning approach using CRFs to detect and remove

other noises that are not correctly removed by the heuristic approach.
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4.2 Text Normalization

In this research, the whole size of user comment dataset is shown in Table 3.2.
The size of these dataset makes it almost impossible even just to check noise reduction done by
computer. On the other hand, as mentioned in the previous section, user comment texts are very
different from news article texts, and much more varieties of noises are found, which should be
removed as much as possible for later processes. In former studies of Thai language processing,
rule-based noise reduction has been applied, but the set of rules vary among studies, and they also
manually corrected the data. Thus, in the following three sections, we will propose a hybrid
approach to noise reduction using both heuristic rule-based corrections and machine learning-
based CRFs noise detection. For this proposal, in order to make more intensive observations, we
randomly chose 3,000 user comments for evaluation, which is discussed in Section 4.2.5. In this
experiment, we focus on the textual part, so we removed the attached pictures, videos, URLs and
spamming advertisements in these initial preprocesses. However, there is still a variety of noises
which are almost 11.5% of the dataset: emoticons, special characters, character repetitions and
other spelling variations and noises. All the subsequent tasks of this research—sentiment
dictionary constructions, sentiment polarity estimation of user comments, and the sentiment
classification of news articles—are conducted only with these noise reduction techniques and no

manual corrections are conducted.

4.2.1 Heuristic Approach

The heuristic approach is the first part of my proposal for noise reduction, in
which a set of rules are systematically designed according to human knowledge and experiences.
After an extensive survey on what types of rules are employed in the past studies of Thai language
processing, we designed rules for noise removal as discussed in the rest of this subsection. The

procedure of heuristic noise reduction is schematized in Figure 4.2 consist of punctuation
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removal, emotion and special character removal, repetition removal, word replacement and words

replacement.

Heuristic Approach

User Comment

v

Punctuation Removal
Data

Emoticon and Special
Character Removal

Repetition Removal

|

Words Segmentation
(LexTo)

Misspelled

k.

Words Replacement

Word List

Heuristic Approach
Cleaned Data

Figure 4.2 Heuristic Approach

4.2.1.1 Punctuation Removal
Punctuation removal is the first part to remove all Thai punctuation marks, Thai

number and math symbol out of data (see all in Appendix A), as some examples are shown in

Table 4.1.



Table 4.1 Punctuation Removal
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Text with Punctuation

Punctuation Removal

UHeNIn999999999999 Uniieun
TINATINE XK XX EEEE Taasan
AR Sy A THE
laauiudlunndsss++ laauiudlunndsss
............. G oI

4.2.1.2 Emoticon and Special Character Removal

Emoticons are the special types of text strings which are created to convey

various feelings in a convenient way, whose examples are shown in Table 4.2. For sentiment

analysis of social media, emoticons often play a crucial role in estimating the sentiment value of a

text. For example, “It’s good :)” contains an emoticon “:)” and its feeling to be conveyed matches

the positive sentiment word “good”. In this case, the use of “:)” just strengthens the positive value

of this sentence. However, “It’s good (T_T)” contains an emoticon “(T_T)” whose sentiment is

negative. In this case, the positive sentiment of “It’s good” is somehow canceled, the exact reason

of which may vary according to the context. Thus, some studies focused on emoticons. However,

in this research, my aim is to focus on text parts, and all emoticons and special symbols are

removed, as in Table 4.2. Consideration of emoticons is a future issue. Thus, we remove emotion

and special character in clouding the HTML character entities that we list in Appendix A out of

datasets.
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Table 4.2 Emotion and Special Character Removal

Text with Emotion and Special Character Emotion and Special Character Removal
[aray(><) waray
L A A S A A 4 $nifu
"o & o d
XV hiufiena Niuima
WAL1081NILT-T WALd1081N02
g™ 15

4.2.1.3 Repetition Removal
As the Thai language writing system has no distinction between capital and small
letters, people often duplicate, or repeat, some characters to convey different degrees of feeling. A
typical example is “N1110” for “N1N” or “'laJa/al1)a)” for “11/”. In social media texts, this type of
non-standard reduplication of characters are widely observed. In this subsection, all the types of
this type to be removed are discussed according to my survey.
1) Consonant Repetition Removal
We replaced the same consonants that the character repeated more than
two consonants to the same two characters, because the Thai language has many words that are
spelled with the same consonant repeated, but such duplication is no more than two. Note
however that the initial removal of this type still leaves some wrongly spelled words, but a set of
simple rules cannot remove all these errors, so some of them are expected to be removed with the
later step of machine learning noise reduction. Some examples of this type of noise reduction are

shown in Table 4.3.



Table 4.3 Consonants Removal
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Standard Spelling Redundant Repetition
a %’ 9 a %,’ 9 a % 9
Auuiiou AUUUUINBU Audeu

ST ST A a
AR AUDRUUU LU UUYY AUNNEUY
WONTINUAT WPI8INTTUUAT WBENTTUUAT
X X X
11 111990D0DD oo
Yonnou PYUVVU VLUV UUBNADU 11/onNDU
1NN YINNANANANI 310NN

2) Vowel and Tone Mark Repetition Removal

Vowel and tone mark should be handled differently from consonants

because, unlike consonants, they are never repeated in the Thai writing system. However, the

actual data contain many repetitions of them, partly because of emphatic intention and partly

because of misspelling. Some examples are shown in Table 4.4.

Table 4.4 Vowel and Tone Mark Removal

Standard Spelling Redundant Repetition
13i'l 1177314 Tsi'lal
ARUUIN AUIUUIN AWIUUIN
AuAg A3 GLTH
9 9 9
31 AT 31
13 ai 14
a 9 a 3 a 9
NUHUT NUUTI DUV

¢ H ¢
AINITIUN NI IUA NI IUA
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4.2.1.4 Word Segmentation

Some words are commonly misspelled, partly due to the Thai keyboard
configuration. We cannot correct all the misspelled words by rules, and too strong a rule set will
also produce wrong corrections. However, common misspelling is corrected in a mild way. In this
part, we employed LexTo “Thai lexeme Tokenizer” (National Electronics and Computer
Technology Center: NECTEC, 2016) to tokenize each word in our dataset as examples are shown

in Table 4.5.

Table 4.5 Examples of Word Segmentation

Original Words Segmented Words

N9ATL NG

YA kY ' ~ YA 9 1 =
1dAvaziomeni@IuenoLies lanuvzerren|da|uen|a1wotied|
= 9y S Y
UMITOUANITO IR HGEIEREIRER]

19 o Aaa 19y v A

NANAUFIA Taidu v Fia)
RGERIG AL ATRIIGEY BEGERGAGATRIEGH
o = < ] g o = < ' -
dnauaedn i'ld deeen'ld deudends | [dnjau@enn 1u'ld] |Teeenld| |desdends|

4.2.1.5 Word Replacement

In this part, we manually created list of frequently misspelled words as Appendix
B is used to find and replace them to the correct spelling, as in Table 4.6. Some research tried to
add more rules to remove noise but it needs many rules due to the variety of spelling found in our
data. So, instead of preparing a lengthy list of commonly misspelled words, misspelling
replacement is done mildly and the rest will be treated by the machine learning approach that

follows.
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Table 4.6 Examples of Wrong Spelling

Wrong Spelling Standard Spelling
Y I
no f
FHWIN, TABIA AN
5104, 31049, 1100 15109
LIUM ITNITU
e, Tu'la Tai 04

4.2.2 Noise Validation
Before going to the second step of the machine learning approach, we need the
correct labeling of our dataset, because my proposal of machine learning is supervised learning,

which needs the correct labeling. So, we create noise list for labeled noise data as Figure 4.3

Noise Validation

Heuristic Approach Word Matching LEXiTRON
Cleansed Data

Unknown Word List

Noise Validation

Noise List

Figure 4.3 Noise Validation
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As shown in Figure 4.3, we made matching and tagging of words with
LEXiTRON dictionary (LEXiTRON, 2016) for words that are not found in the dictionary. Some

examples are shown in Table 4.7.

Table 4.7 Examples of Unknown Words

J o 4 PR
nguYyAnA MIUIY Mandas Al
A5 A7 Aot NNHw A

Y a X < o
gy 139939 wiluazag il
2 @ o ! Y
1 it i M)

= -2 z Z
N5 it e B

1 A 1 4 1 Aa 1
WM HI0N7 1 281An71
<3| ' < = =
Wuavven MR il RAGEANIAN

Then, we manually checked the unknown word list to judge whether they are
noises or not. Because some words that are not found in LEXiTRON dictionary are words that
newly appeared and have not been included in the dictionary yet. Examples of this type are shown

in Table 4.8.

Table 4.8 Examples of Noise List

' o ', 7
nn N GEe fe
' 9 =
AL KRRITLY U 39
P 2 v
oL ¥ ¥ a
A RN ik ABa
£ o ¥ I 1 '
N5 i 1 ua9v99 e
~ 2 3 P
1% e TEN 83U
4 ]
o Tdwad M H30M2
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4.2.3 Character Based CRFs Approach

This section, we used heuristic approach cleaned dataset to detected noise with
machine learning approach, because our dataset still remains various noise mostly spelling errors.
So, this study we apply the character-based Conditional Random Fields (CRFs) to detect noises

without dictionary as Figure 4.4.

(Character Based CRF's Approach

Heuristic Approach Data Labeling Noise List
Cleansed Data i

TCC Segmentation
(TCCs)

TCC Segmented
Data

CRFs Model Traming

f CRFs Model

Model Testing ]

l

CRFs Approach
Cleansed data

Figure 4.4 Character Based CRFs Approach

First step of noise reduction, we construct a model for tagging noise word from
the noise list in the previous section to user comments that are cleaned with a heuristic approach.

The parts that are judged as noises are tagged with <N> and </N> as shown in Table 4.9.
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Table 4.9 Noise Labeling

= Y )
Tuliaau<N=12ne1</N>904

H<N>U</N>U1ANNEDY

<N>NU</N>T1119y

AUBIIUITNIIN>1</N>1a8

v 3 ¢
UUIN>TINTIHO</N>

<N>{1F</N>

HUINU<N>TADIUL</N>

For the second step of noise reduction, we propose the use of Conditional
Random Fields (CRFs) as a machine learning method because CRFs are designed for sequential
labeling and noise detection with machine learning can be regarded as sequential labeling to find
the error labels. The mechanism of CRFs is already described in Section 2.9.4.

As CRFs are one of the supervised learning, so the correct sequential labeling
must be prepared. From the procedure of the last subsection, we first employed Thai character
cluster (TCCs) that described in Section 2.3 to tokenized the noise labeled data as shown in Table

4.10 and is expected to improve the performance of this method.

Table 4.10 TCCs Training Data

[IP= | 91d' 9
L3 a N[ Ao <N>{4]o|q]

IT[<N>|1 W[ </N>|u|n|n| e[|

<N>[A <N

191/9487[8] 1| TR|TI<N>1|</N>[ta e

1 4
8 W[ ¥ [<N>E[a|n |5 f[</N>

<N>[e|§|</N>

U8 W[<N>|TA 1| UL |</N>
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Then, we convert the data as shown in Table 4.10 into the form of the training

data as shown in Table 4.11.

Table 4.11 CRFs Training Data

Spelling with TCCs W (Correct) or N (Noise) Location within Words
Taj w B-W
i w -W
a w B-W
g W I-W
U W I-W
i N B-N
ﬁ N I-N
] N I-N
U N I-N
) w B-W
3] W I-W
N| W I-W
. . 0

In Table 4.11, the first column is TCC-based expressions, the second column is
the actual class: “W” (correct word) or “N” (noise), and the third column is the location within
words: “B-W,” the beginning character of a correct word, “I-W,” an intermediate character in a
correct word, “B-N,” the beginning character of a noise part, “I-N,” an intermediate character in a
noise part, and “0O,” the end of a sequence.

In this research, we used CRFsuite, developed by Okazaki (2007) for construct

CRF model. Before constructing a CRFs model, we also reformat the training data into the data
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format for CRFsuite including the window size of characters to be processed, the example of 3
window size as shown in Figure 4.5, where W is the target character and the number specifies the
number of the characters to be considered. The window size is set from 3 to 15 characters. Finally,

we constructed CRF noise detection models and trained this model with 5-fold cross-validation.

templates = (
(W', -2),),
((w', -1),)

((w', 1),),

((w', 2),),

((w', -1), (w', 0)),

((w', 0), (w', 1)),

((w', -2), (w', -1), (W', 0)),

((w', -1), (W', 0), (w', 1)),

((w', 0), ('W', 1), (W', 2)),

(W, -2); (W, -1); (W', D) (w; 1)),

((w', -1), (w', 0), (W', 1), (W', 2)),

(W', -2), (W ), (W, 0), (W, 1), (W, 2)),

Figure 4.5 Modified Input Template

4.2.4 Evaluation of Character-Based CRFs Method
For the evaluation of the proposed application of CRFs to noise detection,
experiments are conducted with the context window sizes from 3 to 15 characters, and the result is

shown in Table 4.12.
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Table 4.12 CRFs Compared Different Context Window Size

Context Window Size Precision Recall F1 measure
3 0.9548 0.7432 0.7882
5 0.9608 0.7268 0.7694
7 0.9624 0.7120 0.7503
9 0.9625 0.7038 0.7396
11 0.9602 0.6976 0.7313
13 0.9584 0.6929 0.7250
15 0.9567 0.6883 0.7187

As of precision, the window size of 9 characters achieved the best while, the
window size of 3 characters achieved the best as of recall and F1 measure. One possible reason
for this is that mostly noises that appear in our dataset come from the wrong position of just one
character, because I already removed character repetitions by the heuristic approach that precedes
the machine learning step. Our investigation found that most errors occurred with the wrong
position of vowel and tone marks.

The effect of the proposed noise reduction should be evaluated from the purpose
of the task because different tasks require different levels of correctness of the previous
procedure. In this research the purpose of noise reduction is to find more sentiment words both in
sentiment dictionary construction and sentiment estimation. In the next section, I made another

evaluation from this perspective.

4.2.5 Evaluation with Sentiment Dictionary Construction

As mentioned in the last section, even when we achieve a better noise reduction,
it may not be appreciated if the subsequent procedure does not receive benefits from it. In this
research, the subsequent procedure is sentiment dictionary construction and sentiment estimation,

particularly for user comments. So, I conducted another experiment to evaluate the usefulness of
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my noise reduction by constructing sentiment dictionaries with 3,000 comments under different

settings.

4.2.5.1 Sentiment Dictionary Construction

As described in Section 2.7, my sentiment dictionary construction is based on
SO-PMI-IR. The procedure is schematized in Figure 4.6. First, the sentiment value of target words
is calculated with their co-occurrences with each seed word with PMI and SO algorithm. Second,
the most frequent word of positive and negative values are chosen to add in the seed word list. In
this research, this process is itinerated to produce more sentiment words to be included in the
sentiment dictionary. So, the calculation is repeated for 15 rounds. The result of the choices of

seed words are used to evaluate the usefulness of noise reduction.

4 ] T -
Sentiment Dictionary Construction
CRFs Cleansed Evaluation

Result
User Comment L
Seed Word
Evaluation
PMI
Calculation
PMI Value \lJJvl:;cll:lte Seed
SO Calculation Sentiment
Dictionary
N J

Figure 4.6 Sentiment Dictionary Construction
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4.2.5.2 Experiment of Noise Reduction Technique

Three user comment sentiment dictionaries are constructed for evaluation with
differently preprocessed dataset: 1) Dataset A: data without noise reduction. 2) Dataset B data
cleaned only with a heuristic approach. and 3) Dataset C: data cleaned with both heuristic and
CRF approaches. As already mentioned, the calculation is itinerated for 15 times, which means
that 30 words are chosen for additional seed words, which are compared to the manually tagged
sentiment value. The reason to compare only 30 words instead of all the sentiment words to be
included in the sentiment dictionary is that as the dataset for this experiment is a small dataset of
3,000 user comments, and that it is not enough to create a sentiment dictionary of high quality,
together with a practical reason that it is almost impossible to manually tag the sentiment value of

thousands of words.

4.2.5.3 Result and Discussion

As described in the previous subsection, the evaluation is conducted with only 30

words chosen at the iterative rounds of calculation of PMI and SO algorithm.

Table 4.13 Evaluation Seed Words Result

P(P) P(N) R(P) R(N) F(P) F(N) Accuracy

Dataset A | 0.3467 0.8800 0.9866 0.3099 0.5000 0.4583 0.4800

Dataset B | 0.4182 0.8667 0.7931 0.5493 0.5476 0.6724 0.6200

Dataset C | 0.4561 0.9302 0.8966 0.5634 0.6047 0.7018 0.6600

The result is shown in Table 4.13:
- P(P) is precision of positive words
- P(N) is precision of negative words
- R(P) is recall of positive words

- R(N) is recall of negative words




59

- F(P) is F-measure of positive words
- F(N) is F-measure of negative words

- Accuracy.

For all the correctness values, Dataset C with a hybrid approach of noise
reduction achieved the best result, which means that a stronger noise reduction indeed improves
the sentiment dictionary construction. On the other hand, the precision of positive words is much
lower than the precision of negative words under all conditions. This is caused by the data
imbalance: most of the comments in the dataset were negative, and thus the occurrences of
positive words are much lower than expected. However, it does not mean that the sentiment
dictionary construction using the whole dataset also suffers from the same issue. For the sentiment
dictionary construction described in the next section, the whole set of user comments is used. In
principle, data imbalance is observed as in the small dataset in this section, but the whole dataset
is much larger and it is expected, and indeed it turned out to be the case, that the large size of the

dataset produced more reliable sentiment values for many words.

4.3 Constructed Sentiment Dictionary with Larger Data

In this section, we construct the sentiment dictionary from our whole user
comments data with noises removed by my hybrid noise reduction. As already mentioned, this
research employs SO-PMI-IR algorithm to calculate the sentiment value of each word, and it
allows several different settings: SO-PMI-IR with “AND” operation and SO-PMI-IR with
“NEAR” operation

Finally, two sentiment dictionaries are constructed for user comments based on
the whole set of user comments that use for class label in sentiment classification part, and

another set of two news article sentiment dictionaries are also constructed for news articles based
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on the whole set of news articles use to represent the feature value, which is described in Section
5.4.3. In Table 4.14, the organization of these sentiment dictionaries are shown: a user comment
sentiment dictionary constructed with “AND” operation for user comments, a user comment
sentiment dictionary constructed with “NEAR” operation for user comments, a news article
sentiment dictionary constructed with “AND” operation for news articles, and a news article
sentiment dictionary constructed with “NEAR” operation for news articles. Note that the total
number of words is slightly higher than the sum of the numbers of positive and negative words
because we remove the words that appear in less than 3% of the user comments in the dataset,
because they are very infrequent and thus rarely contribute to sentiment classification. Some of
them are noises that are missed by noise reduction steps. Some others are dialectal or slangs that

are not often used.

Table 4.14 Summarization of Sentiment Dictionary

Total Number of Number of Number of
Sentiment Dictionary
Words Positive Words Negative Words

User Comment Sentiment

2626 2353 97
Dictionary (AND)
User Comment Sentiment

2626 1503 153
Dictionary (NEAR)
News Article Sentiment

1506 258 163
Dictionary (AND)
News Article Sentiment

1506 62 1353
Dictionary (NEAR)




61

4.4 Sentiment Value Estimation of User Comment

In this section, we calculate the polarity value of user comments with both the
user comment sentiment dictionary (AND) and the user comment sentiment dictionary (NEAR).
By summing up the sentiment values of the sentiment words that appear in a user comment and
dividing it by the total number of sentiment words in the user comment, the polarity of a user
comment is estimated as in Section 3.2.4. Then, we bring the result of positive, negative and

neutral to create the class label of each user comment to a news article as in Table 4.15 (P:

Positive, N: Negative and NE: Neutral).

Table 4.15 Class Label of User Comment to News Article

Article, | Article, | Article, | Article, | Article, Article,
User, - P NE N P N
User, N P - P P -
User, - NE N P - NE
User, N - p - N
User, p N NE N N -
User, - P NE P P P
User, NE - - NE - N
User,, P NE NE - NE P
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4.5 Conclusions

In this section, we do the first experiment for compared the effectiveness of each
noise reduction technique, which the proposed hybrid noise reduction technique combiining a
heuristic approach and a CRF-based machine learning approach is the best technique. Then, we
applied this hybrid noise reduction technique with the whole user comment data and constructed
two user sentiment dictionaries with SO-PMI-IR algorithm with “AND” operation and SO-PMI-
IR algorithm with “NEAR” operation, which used for sentiment value calculation of user
comment for class label in sentiment classification part in Chapter 5. In addition, we also
construct two news article sentiment dictionaries by the same technique with a user comment

sentiment dictionary, which is used to construct feature values in Chapter 5.
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CHAPTER 5

Machine Learning Classification of News Articles Based on User Comment

Sentiment Value

5.1 Introduction

In this chapter, we will conduct machine learning classification of news articles
according to each user, based on the estimation of the sentiment value of user comments to them,
which was presented in the previous chapter. As this news article classification is the basis for
customized recommendation of future news articles to each user, classification is conducted for
each user. We compare three machine learning methods: Decision Tree, Naive Bayes, and
Support Vector Machines, and the average accuracy, precision, recall, and F1-measure among
users are compared among these machine learning methods. We also conduct experiments to
compare four feature vectors of training data: word sentiment value with a public sentiment
dictionary, two versions of word news article sentiment values with my constructed sentiment
dictionary based on the data, and tf-idf. For my constructed sentiment dictionaries, two versions
are constructed based on neighboring co-occurrences with sentiment seed words (“NEAR”) and

on simple co-occurrences with sentiment seed words within each data entry (“AND”).
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Figure 5.1 Sentiment Classification

5.2 Experiment Setting

The experimental data are constructed with two sources. The main part of the
data for classification is the news articles, and their supervised label is the estimation of the user’s
sentiment value to them, which are described in the previous chapter. News articles need noise
reduction, but the necessary noise reduction is different from user comments, described in Section
4.2, because, unlike user comments, news articles are professionally written and checked, and do
not contain emoticons, special characters, and various non-standard spelling variations in
principle. On the other hand, noises remain coming from data scraping processes such as HTML

tags, URLSs, pictures and videos. These noises are the target of heuristic approaches described in
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Section 4.2.1, and thus we used only the related heuristic noise reduction but not CRF-based noise
reduction for news article data.

I have to select the target users for experiments. However, some consideration is
necessary. First, the target users must have enough number of comments to news articles for
machine learning training. Second, from manual observations, positive sentiments are on average
found much more than negative sentiments in user comments, which causes data imbalance issues
for machine learning. Thus, we randomly choose 25 Facebook users whose comment posting
exceeds 50 even after balancing the proportion of positive and negative comments within 20%
difference, in other words, 60% v. 40% at most. More concretely, if the total number of comments
of User A is 400 but with 360 positive and 40 negative comments, for example, at least 300
positive comments are randomly ignored for data balancing, and finally only 100 comments (60
positives and 40 negatives) are to be selected.

For these 25 Facebook users, the sentiment value of each comment is estimated
in the way described in Section 4.4. For this estimation, two sentiment dictionaries are constructed
for comparison: construction based on neighboring co-occurrences with sentiment seed words
(“NEAR”) and on simple co-occurrences with sentiment seed words within each data entry
(“AND”). Note that the sentiment dictionary employed is constructed from all the user comments
in my data and no customization is made according to each user. Although we admit that,
according to sex, age, etc., the sentiment value of each word may vary among users, we assume
that such difference is small enough to be ignored. We also ignore the possibility that the
sentiment value of a word has a variation according to topics. As far as we know, these two
ignorances are usually adopted in other research, and a pursuit of finer treatment of these two
issues will be investigated in future.

For each target user, the corresponding news articles to their user comments are
selected for classification experiments. Thus the total number of news articles is different among

target users, but not less than 50 articles.
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Each news article, after noise reduction preprocess to remove HTML tags and

others, is processed for word segmentation with LexTo, and is converted into a bag-of-words

vector, as shown in Table 5.1. The size of vector is 40,005; in other words, the total number of

words in the whole set of news articles for all target users is 40,005 words.

Table 5.1 Bag-of-Words Data Form

(The number in the table represent the total number of occurrences in an article, just for example)

pIdns | N9de | NeH1 | NQRAN | ngwY 1ala
Article, | 13 3 0 0 0 0
Article, 0 0 4 0 0 0
Article, 0 0 0 0 8 10
Article, 2 0 0 0 0 0
Article, 0 1 0 3 2 0
Article, 0 0 0 17 5 0

Under this bag-of-words model, we employ three different features for

comparison: TF-IDF, the sentiment value in a publicly available sentiment dictionary, and the

sentiment value in my constructed news article sentiment dictionary based on news article data.
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In this experiment, we compare three feature vectors to machine learning

classification. So, I calculate feature value form 3 techniques as follows below.

5.4.1 TF-IDF

We calculated TF-IDF of words that appeared in each news article and we

calculated IDF value from whole news article example as Table 5.2. As “W,” is each word that

appeared in news article, “A;” is a news article in the dataset for a target user, and the float

number is a TF-IDF value. The column “Class” is the class label of its polarity value that is

estimated based on the corresponding user comments. Thus importantly, the value of “Class” of a

news article will be different among target users, which is why classification is conducted

according to each target user, while TF-IDF values are the same among target users because TF-

IDF values are calculated based on the whole dataset, but not on the dataset of each target user.

Table 5.2 TF-IDF Feature Vector

W, | W, | W, | W, | W, | W, W, | Class
A, 0.0959 | 0.0140 | 0.0988 | 0.0184 | 0.534 | 0.1063 0.0708 N
A, 0.1034 0 0.0533 | 0.0458 | 0.1308 0 0.0332 P
A, 0.0421 | 0.1027 | 0.0537 | 0.0771 | 0.0682 | 0.0734 0 N
A 0.0232 | 0.748 | 0.0189 0 0.0251 | 0.0111 0.1529 P
A, | 01111 | 01230 | 0.0685 | 0 | 0.0298 | 0.0956 0.0256 | P
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5.4.2 Public Sentiment Dictionary Feature Vector

The second feature is based on a public sentiment dictionary (PyThaiNLP) This
is a sentiment dictionary for approximately 934 Thai words with their polarity value (467 positive
words and 467 negative words). The feature vector of each news article is then constructed with

these values, as in Table 5.3.

Table 5.3 Public Sentiment Dictionary Feature Vector

W, W, W, W, W, W, .- W, | Class
A, N P N - p N N N
A, - P - p p - - p
A, - p N - p N N N
A - P N - - - - P
Aq N - N p p N N p
A, - p N p - P N p

5.4.3 News Article Sentiment Dictionary

Two news article sentiment dictionaries constructed as in Section 4.3, each of
which is constructed with the whole news article dataset with SO-PMI-IR technique with different
operations: “AND” operation and “NEAR” operation.

5.4.3.1 News Article Sentiment Dictionary with “AND” Feature Vector
We represented the positive and negative values as P and N, respectively,

and neutral values are not counted. Thus, each news article is showed as in Table 5.4.
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Table 5.4 News Article Sentiment Dictionary with “AND” Feature Vector

W, | W, | W, | W, | W, | W, | .. | W, |Class
A, N P P - - P P N
A, - P - P - - P P
A, N P P - N P P N
A - P P P - p - P
A, - P P P - P - P

5.4.3.2 News Article Sentiment Dictionary with “NEAR” Feature Vector
We represented the positive and negative values as P and N, respectively,

and neutral values are not counted. Thus, each news article is showed as in Table 5.5.

Table 5.5 News Article Sentiment Dictionary with “NEAR” Feature Vector

W, | W, | W, | W, | W, | W | | W, | Class
A, N P N - P N P N
A, - P - N P - P P
A, N P N - P N P N
A, - P N N - N - P
A, - P N N - N - P
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5.5 Classification with Machine Learning

In this experiment, we chose 3 machine learning methods for evaluation and
comparison: Decision Tree, Naive-Bayes, and SVM. For decision tree, we used CART
(Classification and Regression Trees) algorithm for decision tree classification and Gini impurity
for measures of node impurity with 3 feature vectors. For Naive-Bayes, we used Multinomial
model with the training dataset with TF-IDF and used Bernoulli models with the training data set
with a public sentiment dictionary and a news article sentiment dictionary because Multinomial
model is suitable to fractional count feature or TF-IDF, while Bernoulli models is suitable to
binary or Boolean features. And SVM, we used linear for kernel function.

Then, we made a random separation of the supervised data into two parts: 80%
for training set and 20% for testing set as Figure 5.2. Then, we bring this data to classification

with three machine learning methods, whose results is explained in Section 5.5.

Testing set

80%

Training set

Figure 5.2 Random Split Data
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In this section, the evaluation result of classification is shown with 3 machine

learning models with four different feature vector sets. We used the confusion matrix table to

calculate the effectiveness of experiment: Precision, Recall. F-measure and Accuracy.

In this research, we proposed two sentiment dictionary construction techniques

by calculating the SO-PMI-IR equation with “AND” operation and “NEAR” operation shown in

Table 5.6, and we constructed two user comment sentiment dictionaries from user comment data

and two news article sentiment dictionaries from news article data with both “AND” operation

and “NEAR” operation explained in Section 3.2.3.

Table 5.6 All Sentiment Dictionary in This Research

User Comment Sentiment Dictionaries

News Article Sentiment Dictionaries

Dataset User comment data News article data

Calculation | (1) SO-PMI-IR with “AND” operation (1) SO-PMI-IR with “AND” operation
Methods (2) SO-PMI-IR with “NEAR” operation | (2) SO-PMI-IR with “NEAR” operation
Purpose Estimation polarity value of user As features of news articles for

comment value to be used as class labels

of corresponding news articles

classification of news articles

(according to each user)

However, we used both user comment sentiment dictionaries to estimate polarity

of comments for class label in this experiment. So, in this classification, we have two class labels

for compared result as follow.

5.6.1 Comparison of User Comment Sentiment Dictionary Creation Technique

In this section, we compared the user comment sentiment creation technique: SO-

PMI-IR with two operations (“AND” and “NEAR”). So, in this experiment, we used both user
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comment sentiment dictionaries to estimate the polarity value of user comments that expressed to
class label. The experiment result of both user comment sentiment dictionary is shown below:

- TF-IDF (A): TF-IDF feature vector with class label of user comment
sentiment dictionary “AND” operation.

- TF-IDF (N): TF-IDF feature vector with class label of user comment
sentiment dictionary “NEAR” operation.

- Public (A): Public sentiment dictionary feature vector feature vector with the
class label of the user comment sentiment dictionary “AND” operation.

- Public (N): Public sentiment dictionary feature vector feature vector with the
class label of the user comment sentiment dictionary “NEAR” operation.

- Newsl (A): News article sentiment dictionary (AND) feature vector with the
class label of the user comment sentiment dictionary “AND” operation.

- Newsl (N): News article sentiment dictionary (AND) feature vector with the
class label of the user comment sentiment dictionary “NEAR” operation.

- News2 (A): News article sentiment dictionary (NEAR) feature vector with the
class label of the user comment sentiment dictionary “AND” operation.

- News2 (B): News article sentiment dictionary (NEAR) feature vector with the

class label of the user comment sentiment dictionary “NEAR” operation.
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As in Figure 5.3, the result showed the precision of news article classification

with class labels estimated with user comment sentiment dictionaries “NEAR” operation is higher

than class labels estimated with user comment sentiment dictionaries “AND” operation in all

machine learning methods and with all feature vectors.
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As in Figure 5.4, the result showed the recall of news article classification with

class labels estimated with user comment sentiment dictionaries “NEAR” operation is higher than

class labels estimated with user comment sentiment dictionaries “AND” operation in all machine

learning methods and with all feature vectors.
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As in Figure 5.5, the result showed the F-measure of news article classification

with class labels estimated with user comment sentiment dictionaries “NEAR” operation is higher

than class labels estimated with user comment sentiment dictionaries “AND” operation in all

machine learning methods and with all feature vectors.
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Accuracy of News Article Classification with Different Class Labels
Estimated with Different User Comment Sentiment Dictionaries
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Figure 5.6 Accuracy of User Comment Sentiment Dictionary

As in Figure 5.6, the accuracy showed the F-measure of news article
classification with class labels estimated with user comment sentiment dictionaries “NEAR”
operation is higher than class labels estimated with user comment sentiment dictionaries “AND”
operation in each machine learning and each feature vector.

From all result we obtained, we can conclude that the sentiment dictionary of
user comments with operation with “NEAR” achieved the best results with all three machine
learning methods. Thus, we conclude that for class label estimated with user comment sentiment

dictionaries “NEAR” operation is the best method for this purpose.
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In this subsection, the classification of 3 machine learning with 4 feature vectors

is shown: TF-IDF, feature vector of public sentiment dictionary, feature vector of news article

sentiment dictionary “AND” operation and feature vector of news article sentiment dictionary

“NEAR” operation as follows.
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As in Figure 5.7, the result showed the precision of news article sentiment

dictionary “NEAR” operation feature vector with SVM is highest score at (0.7826.
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Recall Among Feature Vectors
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Figure 5.8 Recall of Feature Vector

As in Figure 5.8, the result showed the recall of news article sentiment dictionary

“NEAR” operation feature vector with SVM is highest score at 0.7741.
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As in Figure 5.9, the result showed the F-measure of news article sentiment

dictionary “NEAR” operation feature vector with SVM is highest score at 0.7705.
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SVM
0.7547
0.6553
0.7163
0.7729

As in Figure 5.10, the result showed the accuracy of news article sentiment

dictionary “NEAR” operation feature vector with SVM is highest score at 0.7729.

From these results, we can conclude that SVM is the best machine learning

model with the feature vector of news article sentiment dictionary “NEAR” operation for our

purpose
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Table 5.7 Comparison with Other Research in Thai Sentiment Classification Field

Sukhum, et al. (2011)

Haruechaiyasak, et al.

This research

(2013)

Purposes Propose an opinion Proposed a framework Thai news article
mining framework for for developing a social classification according
detecting opinions in media analyzing tool each user to recommend
Thai political news new news to user
columns

Dataset 117 political news Thai text from Twitter Textual from news
columns segmented to and Pantip in mobile article based user
2,539 sentence and service domain comments
totally around 62,000 1,768 sentiment corpus 172,189 news articles
words (156 Positive/ 85 million words

1,612Negative)

Pre- Remove general noise, Sentence segmentation, Noise reduction

Processing manually annotation and | tokenization, cleaning (describe in section 5.2),
manually sentence repeated character Word segmentation,
segmentation, word stop word removal
segmentation with
LexToPlus, stop word
removal

Feature - Unigram with TF General lexicon and TF-IDF, Public

selection weighting to fine the best | General lexicon + Clur sentiment dictionary and

machine learning
- Prior- Knowledge
- POS

- Numbers

lexicon

2 Sentiment dictionary

constructed from our

data
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Table 5.7 Comparison with Other Research in Thai Sentiment Classification Field (cont.)

Sukhum, et al. (2011) Haruechaiyasak, et al. This research
(2013)
Machine Naive-Bayes, K-NN and | Naive-Bayes compared Decision-Tree, Naive-
Learning SVM between 2 features Bayes and SVM
Algorithm
Classification | Classification textin to 2 | Classification text in to 2 | Balance polarity data
classes (Subjective and classes (Positive and and Classification news
Objective) Negative) article in to 2 classes
(Positive and Negative)
Result 80.30% 91.64% 77.29%

Table 5.7 shows the summary of comparison with other studies. When we look
at accuracy, we have to say that our result is the worst, but this may not be such, considering the
way of annotation, data sizes, and balance of the polarities.

First, the other studies’ classification did not handle differences among users and
only one polarity label is estimated for each news article. On the other hand, this research
estimates different results according to each user’s past comments. Thus, a simple comparison is
not appropriate.

Sukhum, et al. (2011) made noise reduction and annotation mostly manually,
which was possible because their dataset is small and contains 2,539 sentences. However, our data
size is roughly seven times larger, and thus noise reduction used machine learning techniques and
annotation of the class label was estimated from the corresponding user’s comments. Considering
these points, our result is considered to be high enough. The best accuracy was reported in
Haruechaiyasak, et al. (2013). However, their dataset was highly imbalanced: almost 90% of them
were negative and only 10% was positive. In such a case, it is well known that accuracy is not
trustworthy because 100% of false positives can result in 90% of accuracy. They did not report
precision, recall, and F1-measure. On the other hand, our dataset was designed balanced, whose

result is trustworthy enough. It is also noted that the results shown in Table 5.7 came from the
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average accuracy of 25 users, and that the best result of each user was 93.75%, which is higher

than their result.

5.7 Conclusion

In this chapter, I classified the sentiment of news article with machine learning
and the effective by created second experiment. The effectiveness of three classification
algorithm: Decision-Tree, Naive-Bayes and Support Vector Machine and the effectiveness of
three feature vector: TF-IDF, feature vector of public sentiment dictionary, feature vector of news
article sentiment dictionary “AND” operation and feature vector of news article sentiment
dictionary “NEAR” operation. The result showed that Support Vector Machine and feature vector

of news article sentiment dictionary constructed with operation “NEAR” achieved the best result.
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CHAPTER 6

Conclusion

6.1 Summary

The purpose of this research is to propose a recommendation method of new news
articles according to the taste of each user, based on their past user comments to past news articles
on social media. For this purpose, the research framework consists of 5 parts: Data Collection, Text
Normalization, Sentiment Dictionary Construction, Sentiment Estimation and Sentiment
Classification. As the target language is Thai, there are difficulties in most parts. The most serious
difficulty is the language characteristics of user comments: they contain many different types of
non-standard spelling, words, and other noises, which seriously harm almost every step of the
procedure. The second serious issue is lack of trustworthy sentiment dictionaries available in the
Thai language, and sentiment dictionaries should be constructed with the dataset for this research.
The third critical issue is lack of class labels for news article sentiment classification in terms of
each user.

For these three issues, this thesis proposes the followings:

(0) A large set of user comments and corresponding news articles were collected
from Facebook.

(1) A hybrid noise reduction method using heuristic rules and CRFs-based machine
learning noise detection (in Chapter 4).

(2) Sentiment dictionary construction with SO-PMI-IR method (in Chapter 4).

(3) Sentiment estimation of user comments that are employed as class labels for

news articles in terms of each user (in Chapter 5).
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The large set of data, about 110 million words of user comments and about 85
million words of news articles enabled the reliable sentiment dictionary constructions as well as
conducting experiments in terms of many users. This is also important to cope with data imbalance.
The collected data revealed that the majority of user comments were negative, and only when the
large dataset was available could we make data balancing between positive and negative user
comments even at each user level.

All these proposals are evaluated with experiments under comparative conditions.
Evaluative experiments for (1), (2), and (3) show that each proposal, as well as the whole
combination of these proposals, have achieved a significant improvement of results compared to
different methods and different settings. In particular, we conclude that the PMI-SO-IR method
with “NEAR” operation created the best trustworthy sentiment dictionary for this research purpose,
which is first confirmed with the large size of dataset, and the final news article sentiment
classification was best performed with Support Vector Machines with the linear kernel, whose

accuracy was 0.7729, much better than Decision Tree and Naive Bayes.

6.2 Future Tasks to Come

Although the thesis research has achieved the best result, there is much room for
improvement. First, this research focused more on noise reduction and how a sentiment dictionary
and sentiment estimation of user comments are conducted and employed for final news article
classification, but the followings were not included:

- Improvement of word segmentation particularly more tuned to social media
text

- Total consideration of negative inversion with negative adverbs

- Consideration of sentence structure for capturing more precise sentiment

relations
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- Application of more recent machine learning methods such as deep neural
networks

- Combining text analysis with analysis of emoticons and other sentiment related
non-text features

- Consideration of ironical or sarcastic expressions with which their literal
meaning is regarded as positive but their implicational, true meaning as negative.

All these, together with other small refinements, are future tasks to come.
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HTML tags, HTML character entities, Thai punctuations and Thai numbers, Math symbols and

Emotions and special Characters
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HTML Tags
<a href> </a> <article> | </article> | <b> </b> <br>
<cite> </cite> <dd> </dd> <div> </div> <dl>
</dI> <dt> </dt> <font> </font> <figure> </figure>
<h1> </h1> <h2> </h2> <h3> </h3> <h4>
</h4> <h5> </h5> <h6> </h6> <hr> <>
</i> <img src> | <ins> </ins> <li> </li> <nav>
</nav> <ol> </ol> <p> </p> <pre> </pre>
<gq> </q> <span> </span> <style> </style> <sup>
</sup> <table> </table> <td> </td> <th> </th>
<time> </time> <tr> </tr> <tt> </tt> <u>
</u> <ul> <hl> <var> </var> <video> </video>




HTML Character Entities
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No. | HTML Symbol || No. | HTML Symbol || No. | HTML Symbol
1 | &quot; " 28 | &lcub; { 55 | &middot;
2 | &num; # 29 | &verbar; | 56 | &cedil,;
3 | &dollar; $ 30 | &rcub; } 57 | &supl; !
4 | &percnt; % 31 | &nbsp; 58 | &ordm; °
5 | &amp; & 32 | &iexcl; i 59 | &raquo; »
6 | &apos; ! 33 | &cent; ¢ 60 | &fracl4; Ya
7 | &lpar; ( 34 | &pound; £ 61 | &fracl2; s
8 | &rpar; ) 35 | &curren; o} 62 | &frac34; Y
9 | &ast; * 36 | &yen; ¥ 63 | &iquest; I
10 | &plus; + 37 | &#x20B9; 2 64 | &Agrave; A
11 | &comma; , 38 | &brvbar; | 65 | &Aacute; A
12 | &minus; - 39 | &sect; N 66 | &Acirc; A
13 | &period; 40 | &uml; 67 | &Atilde; A
14 | &sol; / 41 | &copy; © 68 | &Auml; A
15 | &colon; 42 | &ordf; a 69 | &Aring; A
16 | &semi; ; 43 | &laquo; « 70 | &AElig; Y.
17 | &lt; < 44 | &not; - 71 | &Ccedil; C
18 | &equals; = 45 | &shy; 72 | &Egrave; E
19 | &gt; > 46 | &reg; ® 73 | &Eacute; E
20 | &quest; ? 47 | &macr; B 74 | &Ecirc; E
21 | &commat; @ 48 | &deg; ° 75 | &Euml; E
22 | &lsqb; [ 49 | &plusmn; + 76 | &lgrave; I
23 | &bsol; \ 50 | &sup2; 2 77 | &lacute; i
24 | &rsqgb; ] 51 | &sup3; 3 78 | &lcirc; i
25 | &Hat; A 52 | &acute; 79 | &luml; |
26 | &lowbar; _ 53 | &micro; n 80 | &ETH; b
27 | &grave; 54 | &para; 9 81 | &Ntilde; N
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No. | HTML Symbol || No. | HTML Symbol || No. | HTML Symbol
82 | &Ograve; 0 110 | &icirc; 1 138 | &Gamma; I’
83 | &Oacute; 0 111 | &iuml; i 139 | &Delta; A
84 | &Ocirc; 0 112 | &eth; 0 140 | &Epsilon; E
85 | &Otilde; 0] 113 | &ntilde; i 141 | &Zeta; Z
86 | &Ouml; 0] 114 | &ograve; 0 142 | &Eta; H
87 | &times; X 115 | &oacute; o 143 | &Theta; ®
88 | &Oslash; (%] 116 | &ocirc; 0 144 | &lota; I
89 | &Ugrave; U 117 | &otilde; 0 145 | &Kappa; K
90 | &Uacute; U 118 | &ouml; 0 146 | &Lambda; A
91 | &Ucirc; U 119 | &divide; + 147 | &Mu; M
92 | &Uuml; U 120 | &oslash; o 148 | &Nu; N
93 | &Yacute; Y 121 | &ugrave; u 149 | &Xi; =
94 | &THORN; b 122 | &uacute; u 150 | &Omicron; 0
95 | &szlig; B 123 | &ucirc; il 151 | &Pi; I1
96 | &agrave; a 124 | &uuml; il 152 | &Rho; P
97 | &aacute; a 125 | &yacute; y 153 | &Sigma,; »
98 | &acirc; a 126 | &thorn; b 154 | &Tau; T
99 | &atilde; a 127 | &yuml; N4 155 | &Upsilon; Y

100 | &auml; a 128 | &OElig; & 156 | &Phi; ()
101 | &aring; a 129 | &oelig; e 157 | &Chi; X
102 | &aelig; & 130 | &Scaron; S 158 | &Psi; p
103 | &ccedil; ¢ 131 | &scaron; $ 159 | &Omega; 0
104 | &egrave; ¢ 132 | &Yuml; Y 160 | &alpha; (04
105 | &eacute; é 133 | &fnof; f 161 | &beta; B
106 | &ecirc; é 134 | &circ; " 162 | &gamma; Y
107 | &euml; 8 135 | &tilde; - 163 | &delta; o)
108 | &igrave; i 136 | &Alpha; A 164 | &epsilon; €
109 | &iacute; i 137 | &Beta; B 165 | &zeta; Z
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No. | HTML Symbol || No. | HTML Symbol || No. | HTML Symbol
166 | &eta; n 194 | &rlm; 222 | &darr; l
167 | &theta; 0 195 | &ndash; - 223 | &harr;
168 | &iota; L 196 | &mdash; — 224 | &crarr; d
169 | &kappa; K 197 | &lsquo; ¢ 225 | &lArr; &
170 | &lambda; A 198 | &rsquo; ’ 226 | &uArr; ﬂ
171 | &mu; H 199 | &sbquo; , 227 | &rArr; =
172 | &nu; \V 200 | &ldquo; « 228 | &dArr; U
173 | &xi; E 201 | &rdquo; ” 229 | &hArr; i
174 | &omicron; 0] 202 | &bdquo; » 230 | &forall; \v4
175 | &pi; T 203 | &dagger; T 231 | &part; o
176 | &rho; p 204 | &Dagger; 1 232 | &exist; 3
177 | &sigmaf; G 205 | &permil; %0 233 | &empty; @
178 | &sigma; o 206 | &lsaquo; < 234 | &nabla; V
179 | &tau; T 207 | &rsaquo; > 235 | &isin; (-
180 | &upsilon; v 208 | &bull; . 236 | &notin; &
181 | &phi; @ 209 | &hellip; 237 | &ni; S
182 | &chi; X 210 | &prime; ! 238 | &prod; H
183 | &psi; U] 211 | &Prime; " 239 | &sum; >
184 | &omega; w 212 | &oline; - 240 | &minus; —
185 | &thetasym; 9 213 | &frasl, / 241 | &lowast; *
186 | &upsih; Y || 214 | &weierp; @ | 242 &radic; N
187 | &piv; © 215 | &image; N 243 | &prop; (04
188 | &ensp; 216 | &real; ‘R 244 | &infin; o0
189 | &emsp; 217 | &trade; ™ 245 | &ang; y4
190 | &thinsp; 218 | &alefsym; N 246 | &and, 1
191 | &zwnj; 219 | &larr; «— 247 | &or; F
192 | &zwij; 220 | &uarr; 1 248 | &cap; N
193 | &lrm; 221 | &rarr; — 249 | &cup; U




Symbol

250

251

252

253

IR

254

U

255

-

256

257

258

259

&sub;

260

&sup;

261

&nsub;

262

&sube;

263

&supe;

264

&oplus;

265

&otimes;

266

&perp;

FIQIEP|IIU|IN|R|U|NIIVI]IA

267

&sdot;

268

&lceil;

269

&rceil;

270

&lfloor;

271

&rfloor;

272

&lang;

273

&rang;

275

&spades;

276

&clubs;

277

&hearts;

278

&diams;

*¢CeP®—~——|——
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Thai Punctuations and Thai Numbers
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il K| 48 ® Cw
t ( ) ?

o ® lo ™ &
& b o) < &




Math Symbols
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+

/

u

%

'V

[V
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Emoticons and Special Characters

LD e e e x ® | > |[<] =) =
m_m&‘wmm@» * | i e~ e
ANIRIE el A O * % H[EE
Slrlt o @« e x| * O ] ol [ [
] @ @ .S |4 % |[E]|[E] [



https://en.wikipedia.org/wiki/%F0%9F%98%80
https://en.wikipedia.org/wiki/%F0%9F%98%9B
https://en.wikipedia.org/wiki/%F0%9F%98%9C
https://en.wikipedia.org/wiki/%F0%9F%98%9D
https://en.wikipedia.org/wiki/%F0%9F%98%A5
https://en.wikipedia.org/wiki/%F0%9F%98%AD
https://en.wikipedia.org/wiki/%F0%9F%98%88
https://stackoverflow.com/questions/6041209/html-character-codes-for-this-or-this
https://emojipedia.org/summer/
https://en.wikipedia.org/w/index.php?title=%F0%9F%A4%99&action=edit&redlink=1
https://en.wikipedia.org/wiki/%F0%9F%A4%98
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Frequently misspelled words
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Misspelled Words List
No. | Incorrect Correct No. | Incorrect Correct No. | Incorrect Correct
ki i 30| Ny AZINT 61| Nz NILIYD
NINING NUNIIUM 31 |nszasu nraou 62 | neng nsENg
2 ; ;
1N NI 32| n5EHs APALB] 63 | IS nFINIS
3| nefa naga 33| nygrd NZUA 64| nNzUA nug
4(nq ih 34 NITWTOL | NZINTON 65| Nz QERATRL!
14 I'd
S5inguast | ngunan 35|nseivian | nglvan 66 | NZUT NEEATALS
6|nga ngu 36 [N3eN 361 67| nzuna EFAIRG
Y U F) '
7| nuleq nuiaeq 37|17 ) 68| NEMNIE  [NITINE
8| nug g 38|09y 0 69 | I NZING
9| nua g 39|ng 0 70| newg NTLUNIE
10| AUD g 40 | NAYNT nagns 71| AnUsy AN
11|03 EHATAG! 41| nagns nagns 72| AU fa7a
12|nna UFEAING 42 [ nNagns nagns 73| /4 U
@ 9 =) Y ~ [ @ o @ o 4
13[n5Tauuas | AuLaa 43 [ NAWVINTY | NAIWUIFY 74| NManEl | DUNIANY
o s o [ 4 % % L4
14n55Un580  |ATTUAT 44 | nasil nean 75 | AuUNsanyal | NUNsany
15| nysuas AULLEY 45|naNAse | NaNAY 76 | NNz A0 Muza
16| n5zI® N32LT0 46 | pand neand 77| AuNEYE | MuzHe
A A 9 A A
nyvAosoa ) 47| nau'le naUDIY 78 | Mn1A NINUIN
17 N3LABI05U - -
U 48 | @50 AWIFIN 79 | N9ATU nNA9AY
18| ngNasa  |neniaia 49 | n¥ase NCEL 80 | MaAU AGRRGH
Ly @ @ @ Aa a (%)) [
19| NTLNUHU | DTNUHU 50 | AU e 81| mwl AU
a a Y I J
20| n3en nNeN 51 (Ao f 82| M3ay M3ud
A 4
21 |3z HEEATYT] 52 | noi nols 83| M3 M3ud
2 FJ FJ
22 [ pseing NZINY 53 [no1fd novl 84| Mamdy | Mamnee
7 o a 4 a 4
23[nFge | neng 54 noail noayl 85| Maaus | mwaug
e £ I~ s L4
24| n3yiNAN | PLLeaw 55| nean neawn 86| Mazndy | mameay
25| N3zl Nzl 56| Hoail noaul 87| mMaziia nrazIla
26 [NITWIU | NZWTU 57| foa nod 88| Mazuy AzaL
9 7 o 14
27| NIENTU | NZWTU 58 [noail noaul 89| Mazuus | nzazuw
28 | NFLINIT NSINGT 59 |nzaAsa nzI3A 90 | MAa NEaLU
20 NFUNIIE AT 60 | N21¥0 NILIY0 91 | M@ nEAZIY
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No. Incorrect Correct No. Incorrect Correct No. | Incorrect Correct
92 | mMand neand 123 [ 115 nas 154 | velvsiy | vluiu
3 A 3 a =} @ Y]
93 | Muana ALANT nHeoa . 155 | vzynuiy | vynuin
124 inbesayns — —
94 | MviIan Mana ayng 156 | veilauuy |
95 |mwaus | mwaug 125 | 1nHeou By 157 | vgiven 1w
96 | fuila Mo 126 | 1nHe3 N 158 [vamans | damans
N o P 4 ¢ o o Y
97 | mMium nulun 127 1A 159 | vAnan3 CLGH
98 | MM 1510 128 [ 1Rens nYsa 160 | YUNanNg UMNENT
° < o < = o a v A V=t
99 | funtia AN 129 [1Hase nYsa 161 | TuH uh
. N 130 | Rgs6 (e3 A 162 | Vunans | Vamens
100 [ NevANHUY | _ — - -
NP 131 |nesa No5A 163 | 2w 0
I'd r'd
. nNave 132 | (NesAudAnA | AaaudAna 164 | 1199 U PAga
101 |Avanbay | . ~ -
MY 133 | 1na LAY 165 | 110900 PAga
Aan a a ® (23 9 = 9 =
102 | N@Af naan 134 | 4nan LAY Vmtien | amtien
aa o £ a a o £ o ¢ I 166
103 | PAudna | Aedudna 135 | unad 1N ya yu
Fl Fl
104 | AUUT N3 136 | 14A12% A9 167 | Undea VDY
a =) a A 9 (24 dyd cgd
105 | AUUIT N3 137 | upes una 168 | Unea VDY
an A 2 2 ' E
106 | A3 e n3en 138 | 11p35U TELY 169 | vu'ln Yume
[ Y Pl
107 | e In 139| 1nd 1nd 170 | ¥ VUMM
Y Y
108 1) 0 140 [ yuu Ny VIUUNY 171 | vu'las YUY
a [~ [
109 |19 hh) 141|vug VD 172 | iy YUy
11003 M 142 [vu@ YD 173 |1y 1
11| 0 N 143 | vaipusiy | vzsinuiy 174|137 1
112 no'ly ey 144 |viindu | azainiu 175 |1va 1
4 1 1
13|17 0 YLYNVZ 176 | 144 JGK
p 145 [vynUno
114 10UN¥T | PsAnmig oY 177 | Tvwe vluey
Y F
115 | tnud Y 146 | v8UVED ALIUAZ YD 178 | laiggna Taiggn
<3 I ' [
116[ a1 [indailan 147 | von 1N 179 | liyna Taiggn
<3 A I A ' [
117 |1n3A@0n  |ndaAaon 148 | v Tonen | Tvenwen 180 | Taiag Tajyn
S =)
118 | 1n5e9 1NAYA 149 | v Teg Tves 181 A AN
I 9 <3 Y 9 =1 =
119 [1n@aAnu3 |1n3anN3 150 | v$ ny 182 | Amuz U AWV
a a (2]
120 | tn@e@ws1 |tnasdws s || 151]v5 Ay 183 AT aAMm
o £ o ¢
121 [ 1PBUFUA [ IDBUFUA 152 | ¥y YU 184 AU | AUBIIN
o o [
122 [ 1Bueud | nEueud 153 [vesn In YoonY 185 | A1BY ATUBY
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No. Incorrect Correct No. Incorrect Correct No. | Incorrect Correct
186 | Audua AN 215 | agfna AgANEN 248 | A131% 1572
o o 4 o = o =
187 | ;i Az 216 | Agvind AW 249 | Mquq Maga
@ 4 4 o o
188 | A5508 as5la 217 | AgrIdn AW 250 | AU AU
189 A50951% | A051%E 218 [AaoaLAad | ATDIAT 251 |Mng RS
190 [ Asg Ay 219 AaoUATY | ATOUAQY 252 | Anriu Anrfug
191| A5y ATy 220 | AARUAQN | ATOUAQY 253 | Af AvUUY
[ Y
192 | A5H A5 221|Aa0UAN | ATOUAQY 254 | AunY Yun1e
" 2 2 v 2 2
193 | A5y 1ns 222 | nan fan 255|ANN Ann
\ 2 A W A 2
194 A37 nz 223 | nan fan 256 |ANN Ann
195 | A% Ay 224 |paun AN 257|agfmal | AgiwYi
196 | A5 Ay 225 | AAMN AN 258 |AgMans | Agenans
197 | A51A57 AR 226 | AddA Aaln 259 [1fin (hn
(%) 1% A A [2 Y
198 | 511 AT 227 |ngqunde | AQuIATD 260 | 1A fn
Y
199 | A58 s 228 | fonma fonma 261 | 1audia wilia
200|512 152 229 | Aouia3e | AowdAse 26219509819 | 10509519
201 |A51A3N A51A3 230 | Aouiinila | aeuiiiad || 263 |1n30ed1019 [19509d1919
202 | a31l na1l 231 | noau Aoaul 264 | 1nA8D 1R300
203 |Asaama | Asaama 232 | Aodusn Aoaul 265 | 1nden 1R300
A Ju a o v @ v a ~
204 | ASEAAINT | ATANINT 233 | noauy AOANY 266 | 1078 e
As AN A e 234 | Ay fe 267 | IMTEDY | IAvEDIY
205 (7 4 o 4
NAITTH NAITTH 235|fg CF 268 | 1903 GRMERE
a a o
206 | AsaeNE | ATEAANE 236 | Azl Az 269 | 11572 157
A a o o s o = ~
Asan Asan 237| faassa ARSI 270 | heu ey
207 . .
ANITIH ANITIY 238 | Andu ARTSTS 271 | heud R
a 1% a 5% v @ < < <
208 [ ATAAANI Y | ATTAANINY 239 | AURY A3 la 272 | IAANADN | LARNIADN
D o o < < <
REN) - . 240 | AV ASY 273 | upaaen | ufaaIaen
209 AsARAAUN _ -
e 241 | Al A3 274 | uAUNY UAUNY
a a a o a o o
- ATaAMaN |Asaamau || 242 | Aul asy 275 |unilny ALY
@ I
Ny N 243 | fiy a3 276 | uAy UALHY
<3 <3
211 AgM AN 244 | M fz 277 | uRsINS Y | MASSLATY
<3
212|n33 AN 245| fz 278 | uAsUNY | MASSLATY
5 & [ 1 A =
213| A3V AU 246 | AU a5y 279 | paisey | LAaLsw
=2 =2 = = <3
214 | A3ANEI AIANEI 247 | aulou DY 280 | LAZLAY UATZUNTY
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No. | Incorrect Correct No. | Incorrect Correct No. | Incorrect Correct
281|UAZUNTY | UATEUNTY 314 |z W IuATe R

. . 346 IUAUINS
282| laa Tnas 315|vzazniu | $1azuu I3
283 | Tnpgse Tnas 316|303 Fnou 347 21hge B
284 Tagamsel | Tasans 317|305 N3 348|339 5

-
285 | Iasa Tnas 318 [ANINTIA | ININTIA 349|30 Ta
286 Taaams | Tasems 319|9pseuen | Snserueud || 350|30 T
287 | Tadn QRN INTHIU 3 S| 351 quwe Jaay

320 , INTUIUA

288 | lasasan | lnsnsdwy gUN3 352109 934
289 1n Tng 321[9n37330 | 9052394 353 | ATIA |11
2901 lns 1ns 322|§059358  |§n3935A 354 waIng  [auisual
291 | A AU 323[9nsau | Inau 35518101 |
292 [ 43N WM 324903813 AU 356 | @Re5 11 o5zl
293 | wsNd NN 325|9n2359 INTITIA 357| Tandsu Tonau
294 | giou flou 326902530 9n3355A 358 | v ziu
295919503 |9ANT 327 v Yaae 359 | aft ei
296 [9N1ATATIN | MANTTN 328 [T Yaae 360 | n'lu Tau
297 9150 wIINA 329 9930 Yaa 361 | RN MW
298 [N PN 330| 9y v 362 | nzly AU
299 [quqad waa 331 |99 T 363 | g MWL
300 | v A5 332|910 1a 364 | U o
301 | gaia geria 333 013'u LREEAY 365 | il el
302 gaﬁ'm?i( garia 334 (9131 N3 366 | ¥uA WU
303 | RN 335|9sudla | avazidia 367| wug BN
304 | 99nau NN 336 | aulia waziia 368 |¥aun AT
305 | 9908 92994 37| andu | $haznu 369 | ¥aung AT
306 | 995 d V3 er 338 azifia | azvazifia 370| ¥auin AN
307|951 Y 339 | $1u9A U9 371 |¥ae %20
308 | 931iia zazin 340 | $1303 ia 372| FonTnaa | Fonlnuan
309 | 9521iin zazlin 341 |94 934 373 | FonTnuda |Fonlnuan
310|9319@ 9198 342 [3an3 ININT 374| FonTnuan | Fonlnuan
311 vamans  [vaumans 343 | Ian TaM 375| sonTnuan |Fonlnuan
312 | vaziiia zazifin 344 | 3UATUINMT | IUAUIMS 376 | ¥onlnuan |Fonlnuan
313 |veumd  |v0um 345 | 3UAIMS | IUAUIMS 377| ¥onlnuda |Fonlnuan
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No. Incorrect Correct No. Incorrect Correct No. | Incorrect Correct
[< <3 A =y o = =®R J
378 | ¥enlnuan |¥onlnuan 411 | Fdua FUA 441|194 AR
9 9 = 4 = o =® =KX
379 | sruasiey |BuAYWLDE 412 | FHUN FUUA 442 | a1Ray AN
1 a 14 =y 4 o
380 | Bu 1511y 413 | HHUN FUUA 443 anlvaa a1 Ivaa
381 | wzih 51443 414|758 ad 444 | awih AT
382 | BQu B 415 |34 Fad 445 | anaen AHA
383 | B B 416 [1Fua¥e | 1Fu¥e 446 | dnquan | Mguan
384 |¥nAzige | ¥nige 417 Fudas | e 447| M398 CREN
385 | F¥1a6 F¥1a 418 | 1@ wan 448 | 59 a3
386 | FugA FUgn 419 | LaynuLes NI ALY 449 | faziiien | Muziilow
Y
387|¥a U 420 | Tas Tnsy 450 | @3 a3
388 | 11 Fu 421 | 1o eff 451|@am fAnn
389 [Muwzar WU 422 | anau AU 452 | qad Aa
390 | %18 1% 423 |andane  |antune 453|197 fen
oy ' + =
391 | exne 1511 424 | QU 454|187 fen
392 |¥W 9T 425 | QiR yna 455 |19g 1Ag)
393 | Bwdnye | IWANYY 426 | 9@ YA 456 [1AUINT ALY
394 |azalszda |yalseda 427|9m am 457 | 1RgIRU Roanun
395 | 1938 e 428|910 g1 458 | Roadun | 1Roadud
I3 v ]
396 | 159 10 429 | i o 459 | uan uan
ad 2 = %]
397|150 139 430 [Mangln | Nangln 460 | AN Lan
398 | 1%® e 431 | %@ i 461 | 1a3n Lan
399 | Tt st 432 | 90 N 462 [uain uan
400 | 'l Tt o |menld 463 lown it | Taun lud
— 433[aonldon |, - ~
401 | 1413 1919 JuN 464 | lasl Tasil
402 | ¥ 111 197] o, @0l ansoaand |anasilans
— 434|aonldiud | 465/ 5 »
403 | 19150 1919 U ¥ o]
404 | 14750 14750 aon ld aonlif 466 | n33NNZ ATING
435 @ 14 [ 4
405 | 429N N5IANT IUNT uny ATIN )
— — 467 . ATINAANS
406 | wzaz  |anauih 436 | AvA a% Mans
[y ' v J
407 | 1azih srauih 437 | A%¥N Ny 468 ﬁﬁgﬂ%ﬁ mn%’w
~ - v ¢ v
408 | ¥ | W1 UAB4 438 | AN% A% 469 | a5z TnU azlnu
409 | Fauion Fanon 439 | A1AAU AHAY 470 | a5z AT
410 | @i Fuua 440 | 3o ATAY 471 | a3213 ATTIU
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No. | Incorrect Correct No. | Incorrect Correct No. | Incorrect Correct
a72|andel |asds 503 | 9299 82390 533 | ol novlil
s w A =
473 |¢i3 Inu a3 Inal 504|0299a8 (023994 534| ol novll
474 | @39 A3IATT 505 | 9Ng 279 535|nouTY  [Mouda
@ XY @ o
475 |@auunay  |aauazuad || 506 [ 01ea) lagn 536 | nodu Tnsdwn
= =< Y
476 | 94 Az 507 | Qo o 537 | Ngua NILU
AzNaz aznazazna | | 508 |fo 09 538 | it 'l
477 - -
AZNTIN W 5091011 11 539| Nz 'l
Y 9 @ @
478 |azm AzNT 510|10170 intad 540 | 0z Tuu nluu
AzINYA AzINoN s511|unasms  (unasmsal || 541 |nzeoo NyoY
479
AZAY ANY 512 nua NIZUY 542 | 1o ITER
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12375 wangs  |smangs || 1267|amdad | amdad 1296 | moifud | sy
1238 | 5163 51 1268 | auyi FUN 1297 | a1iad ariud
1239 | 51@ ERC 1269 [ anls |awisi 1298 | @1Aas 319y
1240 | $1A31%Y ERGRLY 1270 | aunIa aunIU 1299 | d1le ale
1241 [ $1A70 5110y . azifen 1300 | é1d a'ld
- - 1271 | aufioaa lu — —
1242|3a350u  |@asou az'ly 1301 | Asf aan
1243 S Suiiu 1272 | aluy azTuy 1302 | Al avld
A o o ] < ] a a a
1244 | 5u508] SUsUE 1273 | @aantna fonina 1303 | atadn atlaan
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No. Incorrect Correct No. Incorrect Correct No. Incorrect Correct
1304 | awl Al 1335 | 98 e 1365 | M15Aa M1IAA
a I'd a 4 4 aa as

1305 | anl% ana 1336 | Mexu MYFUL 1366|3910 e
1306 |anagnsu | gnagnau 1337 | nels e | nedsa 1367 | A%iend Faviend
1307 | gning qnina 1338 | 115200 71500 1368|9010 9l
1308 | gnilNas Qniliia 1339 (7@ MW 1369 | 119 13
B A g A 3 7 7
1309 | gnund QnINAN 1340 | 2a1/387 2o 1370 | INUUA NNUUNT
1310 [tanseim aNnIzIng || 1341 | 996 BT 1371 | 1N N
1311 [ raunsy ausung || 1342 (3913 0500 1372 mduud | nnuues
1312 [ @udisudt  [audisuns || 1343 [ 50150 0500 1373 | mduuas | nnuuas
1313 |1@nan IGhER 1344 | J015Q0Y |35 | | 1374 10U 15
A 4 A a L4 a 4 A A
1314 |1@0nassn  |@enass 134539138 59 1375 | 115AU NUAY
@oanay | 1346 | a1 Iyam 1376 | Doy | Deauy
1315 woanuiln — — p p
n 1347 | Ay e 1377 | ensal | Thensal
1316 [1@ouan  [1@ouIN 1348 | Ingu 013 1378 | Aing fng
1317 | Tamadand | Tamadend || 1349 [3aaiu BIEREUN 1379 | i me ATH
1318 | Tan Ta 1350 | 29911 29015 1380 | A pEINY | AS @Iy
1319 laise Taiae 1351 | 3a01a 39013 1381 @'l lera
1320 | lai5aq iGIGEN 1352 | Inziiu Faniu 1382 | AifiNg ARDS
1321 910 fom 1353 | 311 i 1383 | find #nd
1322 [ 2409 NNA 1354 [ UIALNITN | INANTIN | | 1384 | AAND) ATNH
WA | 29enAan 1355 | 317n Nia 1385 | fing i
1323
A o 1356 | 31 Ton Ton 1386 | yAnd | eyAnd
o o a a @
1324 | WENU WANU 1357 | 3laet Jlana 1387 [ NAAI1YE | AAAI17D
1325 | AHWwHn 2NN 1358 | 31Terun Nlaan 1388 | Aail Az
1326|255 lsn  |[Twlsa 1359 | 3wng Iy 1389 | fa1l faile
1d J a ga a rd a a
1327 | J0ataduea |I0a@dlea N INny fatlems | Aadlenns
— — 1360 , 1390
1328 | 3N N 1591 30 HEA Haag
1329 | 7une)s | TUNEND mnd INNY 1391 |Aailznssy | Aanssw
1361
1330 | Suneniag | Suneriag 0156 15490 AalzSan | AatlTau
1392
1331|150 Jaulsn iy FNINEING 55U 555U
Y ] 1362 a 4 4 a o a @
1332|980 | 219my 158 o 1393 |Aalzdng | Aaidag
1333 | 11 N 1363 | 32N5 3RIN3 1394 | fatlzfnmn | Aaildnw
1334 [ 1MeAI5Y [ 1MNITY 1364|3255 | IAINTTU 1395 |/ la A lad
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No. | Incorrect Correct No. | Incorrect Correct No. | Incorrect Correct
1396 |AsbzINY  |flSdeiny 1424 | adag aoe 1457 | @73501A9 | 92330
1397 |AefSazing | elsaziny 1425 | g ana 1458 | @53 ART
1398 |Anwniima | Anwndimend || 1426 | aynine aynnes 1459 | Foaiam FOILAN

A o - || 1427|adfrunes | eunined 1460 | @ound  |@euanng
1399 Anuimen — -~

Hingnl 1428 | @iinines | AYnIN03 1461 | 019 2019
1400 | ff qu 1429 | adof i 1462 | o azoq
1401 | quéide | gayde 1430 | a1in aziia 1463 | azia ana
1402 | 1915 HFH IATHg 1431 | endisq 1o 1464 | a2N? an
1403 | 1901 1129 1432 | euied | mbhinad 1465 | Al T
o JGT Tanugnss | | 1433 [anly anlu 1466 | 9214 GiIN

° WYNIIN | U 1434 | anu EALRIY] 1467 | A2U9995 | AL999

1405 | Tandud | Tendad 1435 |[@nimsal [ammmsal | | 1468 | azune a0
0 Teng TAnnTT || 1436 |@n1agmsel | @mmmisel | | 1469 | azy a0

Wy | W 1437|ewgad | dwuqa 1470 | azlos  [iailog
1407 | Tetsmesh | Tanuadn 1438 | awyu auysal 1471 | az 1y a'ly
1408 | @A azna 1439 | gunn AN 1472 | @2anNdd | agnsanad
1409 | afa azna 1440 | dunet TUNY 1473 | @211150 A211a0
1410 | g amna 1441 | YULWe TN 1474 | aztvan 1an
1411 | erA379Y GELERE 1442 | Auy@AgIY | auuAgIy 1475 | dnnzvana | dnvain
1412 | a9n3 a3 |eans e 1443 | AuUyAA0IY | auuAgIY 1476 | dAMILY | FAMIYN
1413 | €940 1U AINTIUA 1444 | au@ L 1477 | daina dana
14| aamud  aansud || 1445 |yt | mpiias || 1478 | dane daung
1415 [@9U51A1 | U5 1446 | assruady | assuads 1479 | daing duna
1416 | a@IN azAIn 1447 | 935AM aITM 1480 | 9N FIuNMU
. aadulyd |adduidey || 1448 |assneen | dneon 1481 | Ay da)

Yo e 1449 | ASTNYT | ATIIWFY 1482 | dapnu FIuNMU
1418 | aifie azif 1450 | a3a das 1483 | R8N EGRETE
1419 | eani waran] 1451 | a5er dns 1484 | Faenun | damneun
1420 [ amnsal |downsal || 1452 | afuass | adaassd || 1485 | damewe | Samen
1421 [aowms - |dowumsal || 1453 | @du PRV 1486 | Faa5al 7973
1422 a{muzmi S 1454 | saq 1aan 1487| dan1ad 790

ol 1455 | @29@3538 | @32983334 | | 1488 | Fam s
1423 | aa atn 1456 | a333AAA | @233AA 1489 | §aal53 daassa
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No. | Incorrect Correct No. | Incorrect Correct No. | Incorrect Correct
1490 | dynaaas | dayanaayial s | asswlse || 1545 dwgan i
1491 | dayaydnual | Faydnpal P2 ssTomd | Tomd 1546 | dun3e #1150
1492 | Ay Toyay ol 5 MHTUE | @ssudn || 1547 d1e19d GAGRN
1493 | day T ulay 2 o U 1548 | #9f I AL
1494 | daydnd | daydnmal opy | TR MDD 1549 | @ng and
1495 | g Tougu auiia auiia 1550 | AN5 ans
1496 | i ia ] CREARLTE 1551 | an3 and
1525 AUV
1497 | dng i3 qv 1552 | @ qUIH17
1498 | dugos g 1526 | ey modgad || 1553 | §550 Alssu
1499 | dfugu gy 1527| auuae | a@nlus 1554| a7 la A lac
1500 | dfu Tag fulay 1528 | wess | anlass 1555 | a5y Adu
1501 | duminms [sunums || 1529 | @ngy a1 1556 | Aassn Adu
1502 | dutiga | dutivgw || 1530 agud | aigey 1557 | dam fana
1503 | dudigns | dudiwgu || 1531 [amlgy Mugey 1558 | derna fana
1504 | Fuilygia | duiingw || 1532 anlgu gy 1559 | gnen qﬁm'ﬁy
1505 | dual5 duilau 1533 | mied1 [ aand 1560 qﬁmﬁ? qﬁm'ﬁy
1506 | Fulesa | duilzsn 1534 |medny  |medynd || 1561 GRIGE qnd
1507 | Fuleran | dnan 1535 | dudiu oAyl || 1562 quA qna
1508 | U1 ALING Y 1536 Msndgy | asnavan || 1563 aussaniag [ guisaiy
1509 | dil)esa | duilzsn Al Al 1564 | qu 9
1510 | dldgmse | dilnso 1537| iy | sy || 1se5|du H
1511 | d1lsa duilzsa 1538 msznd [ @saven || se6 g gmia
1512 | dlay dulay quay Ay 1567 | g1in3 garins
1513 | dwmse | diwise 1539 azdszle |msulszler || 568 qUAMA | guama
1514 | dunn i i 1569 | g@rins gaiing
1515 | dumw duayal 1540 Tigﬁ,fm a5 1570 |i@nassn  [1a@nass
1516 | duman | dumwal W 1571 |1e1lu alu
1517 | det dad 1541 m3hn ahns 1572 | rawd raw
1518 | mnnszidle |ennziie iy iy 1573 | 1150 dzinao
1519| g dad 1540 ﬁﬁ‘;‘(ﬂm“ ﬁﬁf‘ﬂﬂiﬂ 1574 | 163l @sil
1520 | 6159 ams Towi il 1575 a3l @S
AL el AL dad 1576 | 10 Az11iao
1521 - MU 540 | ammal | dunwal 1577| dogay Fogud




129

No. | Incorrect Correct No. | Incorrect Correct No. | Incorrect Correct
1578 | Aensni  [iden i 1610 | HEV 8 GIEN 1642 | lvis 15
1579 \donla  [iden’la 1611 |vioules | noungs 1643 | Tvage | lwaae
1580 | (o donid 1612 | 135U iy 1644 |090%10 | 0IAFIA
1581|idoras 1o 1613|viaslua  |vaslna 1645 | 049aN1T | 03IAIA
1582 | iFer3m doiin 1614|viaulva  |vaulua 1646 | 949aNT | 03IAAIA
1583 [uani aunu 1615 | Hga3e naagqy 1647 |04n@N1 | 03IRAVIA
1584 | Tandad | landad 1616 [ ¥iguUWay | HguUWIN 1648 | o9y Tay o1y lay
1585 [ Tametd | Tenuah 1617 | il ENE 1649 | oya1338  |oyaisd
1586 | Tdsa Terwer 1618 | MoUnIa | HOUNIY 1650 |0A3UAY | DEAIUIAY
1587 |1 15 1619 | o8I o070 1651 [05gg1ar | 0TugIM
1588 | e aly 1620 | o030 GEED 1652|0331 |0BugIM
1589 laa e 1621 | iz gz 1653 | 955104 pBHI U
1590 | HAAIY | HAAZINU 1622 | AUFsUIU | HUFUIU 1654 | 95§11 DI
1591 | ¥inAZINS | ¥nAZILY 1623 | WSyting | HTealy 1655 | 0119 GITRG)
1592 | 119 Wad 1624 | uouas | uousd 1656 | 9U1E3 BUIMNT
1593 MUy | udunun 1625 imdema | wmlenm 1657 |oYMIIA | 0UNHA
wihilngd  |wihila 1626 | 19N g5 al 1658 | DURYIA U IN
1o TRITON WM 1627 | 11193 migmael 1659 | 0143iA G
1595 |visforion  |dedow 1628 | 1911 i 1660 | 913in oA
1596 | viforion | Nodou mile1inn [madelna || 1661 [oyuin GATETRLY]
1597 | vifogon | Nodou 102 134 139 1662 | aySntion |oyusnuiioy
1598 | ifodon  |ipdou 1630 [ifiuam) | miuay || 1663 [oyani3d | eymiied
1599 | i Tu nunlu 1631 [M50U51 | 1Maonan 1664 | DIUIOUID | DIUDOUID
1600 [vuvifo | ianaje 1632 |manlu  [manlu 1665 | DIUDOUID | DIUIOUID
1601 | nil ¥ 1633 |manlva  |wmaalva 1666 | 9 Tua1A GRNTIRE)
1602 | Mynens | nyvdes 1634 | 113 1 1667 | DUDIU 91070
1603 | vignld nénld 1635 | unansiy | uvWanalny 1668 | 9AT1A GhHEAL)
1604 |vignlan | wdnsin 1636 | uMans1y | uranalny 1669 | 0AtiM5E | edtimg
1605 | i atn 1637 | Tnevia | Tnewau 1670| oAsual | oATud
1606 | g0 g wndn lo 1638 | Tyn Tnsegm 1671 | ofuan PN
1607 [venld  |[wndnle 1639| Tszm | Tnszm 1672 | oun pUAZ
1608 | vienn 1o wén'ld 1640 | e Tviny 1673 | U@ GRIT)
1609 | 1194 Wi 1641 | Tnvidh Tnnd 1674 | 061314 W13
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No. | Incorrect Correct No. | Incorrect Correct No. | Incorrect Correct
1675 | oY 0t 221N 1738 | oavuns | dmessd

- - 1707 arnanlsn
1676 | 2 o4 T3 1739 8#1A4 GLGN
1677 | 0310 95 1n 1708 8043235 | 9nVUIID 1740 | onunsen | ondnsen
1678 |9350MW | 9ANN 1709 | oS Ny 1741 | 91ma 91MA
1679 | 03omanse |osowalase || 1710 |onds INYY 1742 | 010188 CRLI]
1680 | o3emn las |e3ema lase || 1711 | o0y D0y B 21919318 | 0191ANA

— — — —— 1743 , )
1681 | 93009 93889 1712 | oYyl yudl e $1e
1682 | 93671UN 830710 1713 | oyl 0yl 1744 | 1ud 9190
1683 | @dams 8IS 1714 | 9990 IAAA 1745 | 01985 018U
1684 | 9damsal | odamg 1715 | oanziie IAe 1746 | 913111 9111 U
1685 [oquoats  |ozquoads || 1716 | onede I5e1e 1747 | 91%2fn11 | 0159fN1
1686 |ogiitilon  |ezqiidlon || 1717[65%uni | Smduns 1748 | o1ilaad | onilaad
1687 | 93eN% 9781 1718|6500t | 5ensio 1749 | o1Haesl  |eaed
1688 |@301Ud | 03EU 1719 |duawia | suswIa 1750 | oumn DUNA
1689 | oe9vd aaqlvy 1720 | ou lue 2R Y 1751 | oune DU
1690 | oaral aaqlvy 1721 | s11f38 81038 1752 | ouna DU
1691 | oM |ogHIG 1722 | 911 8136 1753 | 9180 9180
1692 | BoNHAY | DOATHIY 1723 | 91ian o1lian 1754 | 9180 0189
1693 |90A¥1 | 0OANIN 1724 | 81/1hg GITHIAN 1755 | 01518 915ual
1694 | oowiles | oovila 1725 [811hed | duha 1756 | 015081 |@15nn
1695 | dowiles | oovila 1726 | 113 CHEL] 1757 | 0158 oz'ls
1696 | ooWWa ool 1727 | onwiaa o1lian 1758 | 0134 013
1697 | Doniln oonla 1728 | ovan o1lan 1759|9173 813al
1698 | oo pone 1729 |owlvaa |81 1vian 1760|9131 9175
1699 | Sonlila oouila 1730 | dune RHE 1761 | orauaasl | o1eniaaal
1700 | 0z 13i0 oYIiA 1731 | suwna UNA 1762 | ovaaaal | e1eniaaal
1701 | oz iith 9zl 1732 815uns | ousuni 1763 | 01vide oz lva
1702 | ozduoaie |ozduoads || 1733|8Nga GRITLT gl |runnes
1703 | ozquozade |ozduoads | | 1734 | ouwa g1uiin e Wy Tngy
1704 | ozquozade |ozquoadls || 1735 | datiy Sat 1765 | 103 oUNS

pzvaney | 4 gavhme  |ezwamen || 1766 | 91maz UAY
1705 paNOAD 1736 | _ - — —

e NFY Fu 1767 | Swziia | SwH
1706 | oz oz lva 1737|oa'ls oz 15 1768 | BUIRBLAY | DUIAIULAY
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No. | Incorrect Correct No. | Incorrect Correct No. | Incorrect Correct
1769 | BUNKIAY | BUNKAY 1800 | gUugiliie | gUugllue | | 1830 FTuTnadu |eTuTnaiu
a J a 4 a A aa
1770| BUNIBY | DUNITY 1801 | g1/ Tan 91/ Tany 1831 | Fidew GIGINY
1771 | Bunsd | Suwns 1802 | gl gilwand 1832[180551AU  [18031AU
a A do a A o 4 Y
1772 | Bun3gdng |ouniedng || 1803 |gilwan g1lwand 1833 | laas laas
1773 |[ounadng  |dunsedag || 1804 [glua gluad 1834 | AW AN
1774 | Busy BUNTTY gand1ale |dans1lale
a 4 a 1805 <
1775 | ouvhisa | dumsusa 100 a9
1776 | ourusa | dunsusa 1806 | 97 31% 9qNIY
1777 |Blanasou | di@inaseu || 1807 [1l@nuiun  |@MIUN
1778 | D5z | DI 1808 19N AU
1779 | Baseied | Sasds 1809 [ 10nansd  |1onmisd
1780 | Be 1 dau 1810 [1ongdu | 1ondun
1781 | 9@y dau 1811 | 1016 DUTEU
1782 | Biud GG 1812 | o1t 191%Y
didalns | Sidnnsein || 1813 [0un DIUN
1783 . , < A o 7=y
uad 0 1814 [ 9ulasiu |1BuaoIu
1784|9nMuIn | gnnnng w1leoen  [w1lveen
- ( 1815]
1785 | 9nga 9Ny g% N
1786|9n1na | gnNIG 1816 | upaneees |uoanogod
1787 [gaums  |gaumsal || 1817 Tema Tomd
1788 | gad gaai 1818 | Tonst Toma
1789 | @At gad W 1819 | Toilz Town3nlan
gaavyNe |gaamwer || 1820 | led losinizu
1790 - -
o Rty 1821 | loaeisn | losnsu
1791 | gN%3 gNINIol 1822 | loaasn | loArsu
o o @ o J
1792 | 5301 QNs30l 1823 | loda loda?
o o @ o J
1793 | 9545l |g@nInal 1824 | lodara loda?
J Y dy
1794 | guM0 917 1825 | lowt lorite
1795 | gung QUINY; 1826 | 1oy losite
1796 |gimsznar |gilmagal 1827 | loige loiio
v J v a J a 4
1797 | gidus 9Uoun 1828 | 3015129 ERIEREAY
1798 |gduni | quldud Fuldld | FUTy
1829
1799 | gilnu g1y 3G Tiialar
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Appendix C

List of stop words retrieve from https://github.com/stopwords-iso/stopwords-

th/blob/master/stopwords-th.txt#L.115
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Stop Word List

No. Word No. Word No. Word No. Word
1| nan 28 | A9 55 | i 82 | a9

2 | f 29 | au 56 | iiipann 83 | 1a0

3| M 30 | A8 57 | u 84 | ud"
4 | nou 31 | ReInu 58 | U 85 | uay
5| nu 32 | Tag 59 | uyw 86 | U

6 | M 33 |18 60 | 11lu 87 | M

7| ms3 34 | 6o 61 | 1Wums g8 | 19

8 | vaug 35 | feq 62 | 1ila 89 | 4

9 | Vo 36 | s 63 | e 90 | AU
10 | veq 37 | daus 64 | o 91 | d115U
1| Yy 38 | @9 65 | Ma 92 | g
12 | 1 39 [ au 66 | WU 93 | 30
13 [ 1 40 | ua 67 | N5 94 | viaq
14 | A 41 | 68 | e 95 | AN
15 | ads 42 | B9 69 | 11 96 | i
16 | AW 43 | W 70 | 110 97 | N
17 | fio 44 | ail 71| 98 | 1§iu
18 | 1@ 45 | M 72 | iiie 99 | L4
19 | 3¢ 46 | N9 73 | &9 100 | 144
20 | 9@ 47 | A 74 | 593 101 | 8870
21 | 910 48 | 75 | 590 102 | 981
22 | 99 49 [ 0N 76 | 3519 103 | 0
23 | I 50 | woNAN 77 | Su 104 | 90
24 | ¥ 51 | 1in 78 | 510 105 | 02'ls
25 | 19U 52 | 1iu 79 | 151 106 | ®19
26 | 53 | 1 80 | Fu 107 | #n
27 | A 54 | 1 81 | s 108 | 194
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Appendix D

User Comment Sentiment Dictionary
The user comment sentiment dictionary that constructed by SO-PMI-IR algorithm with

“NEAR” operation from 8,34,3126 user comments (Approximately110,000,000 words).

SV: Sentiment value
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No. Word SV No. Word SV No. Word SV
11555 1.3069|| 29|nsza0n -0.0295||  57|A0 0.3764
2(f 0.3368|| 30|nszAy -0.0191|| 58|no3 0.4135
31 0.3329(| 31[n3znN 0.1839(|  59|nNoINN 0.1951
4|fng 0.0449|| 32[nszih -0.5780|| 60 |non -0.0095
5[ fang 0.5116|| 33|nszny 0.0714| 61|noU 0.3869
6| 0.6092|| 34|nszih 0.7684|| 62 |fAou -0.0062
7| gy 0.1200||  35|nyzua 0.7919|| 63 |nouNaE 0.1537
8 |nQyug 0.2324|| 36[n319 0.3285|| 64|d0Y 0.3938
9|na 0.3017|| 37[n31W 0.4401|| 65|ng 0.2104
10| nAAU 0.4768|| 38|nyan 0.3300|| 66NNy 0.0119
11]7a 0.8643|| 39(naod 0.0822| 67[nza 0.6006
12|A1¢ 0.5313||  40|ndeq 0.4333||  68|An 0.5341
13| Adeq 0.1797|| 41 |ndu 0.1608|| 69w 0.3907
14 | nARYRY 1.4790(| 42 [nauru 0.6146|| 70| N0 0.2296
15| e 0.2045| 43 |AduIN 0.8005|| 71 |AY -0.3949
16| nAM 0.0087|| 44 |nd7 0.5117|| 72|M -0.0665
17 nnu 0.6427||  45|ad 0.2669(| 73| 0.6903
18| g 0.2797|| 46|nawn 0.6205||  74|mn -0.1649
19| fime 03520 47|panedlu 0.2049(| 75|me 0.6412
20| A3l 0.4232|| 48[nam 0.2193|| 76|Ms 0.2095
21|l 0.4637||  49|na1Im 04172|| 77|msnser | -0.2618
22| fids 0.6606|| 50| ngu 0.4737|| 78| mM3lna 0.4290
23| N3 02110 51 |fAudai 04193 79| M3 ¥ 0.5697
24 N30l -0.3007||  52[nau 0.1841|| 80|mSqu -0.4994
25|n55U -0.5370(|  53[nM 0.6197|| 81|31 0.7320
26 [ NITUNT 0.3454||  54|nw 0.4188|| 82[ms# 0.2446
27|03 -0.3822|| 55|no 03772| 83|msinases | 03993
28 N5y 0.2445|| 56|no -0.0664||  84|Mstiioq 0.5304
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No. Word SV No. Word SV No. Word SV
85| Msidonaa | 0.4505|| 113]ih 0.5239(| 141|Tnq 0.5700
86| MsANYN 0.2320|| 114 [1wQ 0.6389|| 142|Inenu 0.0425
87|/ 0.2715|| 115[1mwamile | 0.7541|| 143|In35 0.2316
88| M 0.0966|| 116 [t 0.6378|| 144|1nvin 0.1088
89 |Min 0.6917|| 117[10¢ -0.2963|| 145|1nd 0.3721
90 | 117w 0.8862|| 118 |1 -0.6222|| 146/ 1n 0.7730
91|y 0.4595|| 119|1nALig -0.6273|| 147|'lna 0.6423
92| M1a3 0.2597|| 120|1u 0.0513]| 148]lndinge -0.7224
93 | M9 03170{| 121 |sAull -0.0761 || 149 |'lng 0.0174
94 |masla 0.3057|| 122]iReq -0.4581|| 150 |vu 0.5878
95 [Mnua 0.3743|| 123[1N@5A 0.2616|| 151|vu1n -0.0241
96 [ N9 0.8858|| 124|fen 0.1823|| 152]vuIUMs -0.0670
97|nu 0.7545|| 125| R 0.3195|| 153|vnau 0.1684
98 | ALY 0.2301|| 126|Ret0q 0.0243|| 154 |vTue 0.2481
99 | AuY 0.5566(| 127|thew 0.4241|| 155|vee 0.6804
100 | Do 0.2690|| 128N 0.3740|| 156 |vozdanm -0.1791
101{9 0.3961|| 129 [un 0.1533|| 157|véu 0.9774
1027 0.2580|| 130|ud 0.6272|| 158 |v74 0.0297
103 | N 0.7968|| 131|unlv 0.3461|| 159|v7U -0.1959
1041 0.3739|| 132 |unq -0.1411|| 160 | 0.2187
105 |9 0.5509|| 133 |uRa -0.1652|| 161 |v24 -0.0813
106 |10 0.5825|| 134 |udd 0.0567|| 162|v® -0.3747
107103 0.9000(| 135|unuih 0.4112|| 163|498 0.3309
108 |17 0.6656|| 136|untlayn 0.9078|| 164|YonM 0.1530
109 103 0.5218|| 137|udfh -0.0034|| 165 |v04 0.2175
110105979 -0.0048 || 138|udy -0.6806|| 166 |UDI934 0.8822
111[1nqoa 0.6714|| 139|unda -0.2931|| 167 |voaaaal 0.2517
112 | indeom 0.7707|| 140(1n 0.5803|| 168 |voN1U 0.1160
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No. Word SV No. Word SV No. Word SV
169 | v Inw -0.0307|| 196 |v1® 0.8865|| 224 |1t 19n 0.0885
170 | vou 0.8419|| 197|v18v04 0.1534|| 225|111 0.3508
171 | vouna 1.1632|| 198|189 0.2958|| 226|195 0.6501
172 | oy 0.5727|| 199|453 0.7793|| 227|Wen 0.5674
173 | w304 0.2682|| 200|v12 1.5367|| 228|utiq 0.0214

VOLLAAIAIY 201 (917 -0.0806|| 229t 0.8649
174|_ 0.9395 , -

gud 202|491 0.7529(| 230| U5 11115
175 | 9011 0.1558|| 203|417 0.6791|| 231l 0.2485
176 |vald -0.1500(| 204 |vMda 0.5670|| 232|nAn -0.4762
177 | o814 -0.1301|| 205| 0.7071|| 233|A9 0.1454
178|414 0.2291|| 206|d 0.2455|| 234|nay 0.3152
179 |99 03679|| 207|% 0.5018|| 235|Ane 0.6691
180 | 1Av14 0.6453|| 208 |¥ifo -0.0521|| 236 | Az erasl 0.8015
181 | aud 0.5709|| 200|3Tna 0.3794|| 237|a@ 0.3170
182 |9 0.1933|| 210|3%h 0.2535|| 238|adA -0.6073
183 | Tumou 0.1376|| 211 |3 0.3794|| 239|au 0.0951
184 |1 0.0134|| 212[3) 0.6484|| 240|Au 0.1786
185 |9U50 -0.1851|| 213|4u 0.1801|| 241|AwWAa 1.0680
186 |11 0.7139(| 214|ya 0.6487|| 242|Auun 0.3602
187| 9 0.4967|| 2159 0.0740|| 243|AnTna 0.4303
188 | 114 0.5547|| 216 |1 0.1456|| 244|aAuy -0.5667
189 [ 9191 0.6185|| 217|1v@ 0.5386| 245|auls -0.1706
190 [ 9191111 0.4274|| 218 |1 -0.5910(| 246 |AuaU 0.7046
191 | $1anda -0.5542|| 219|1wws 0.4250|| 247|Aud -0.2401
192 |11@ 0.0801|| 220w 0.2407|| 248|AuA 0.8234
193 | 1187 0.3941|| 221|1N 0.3638|| 249|nAug 0.7131
194 | v1dd -0.5055|| 2221t 0.2018|| 250 |AAE? 0.3466
195 | 913 0.0772|| 223 |1l -0.0970|| 251 |AUMe -0.4338
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252 | auld 0.6866|| 280|A34 0.8488 AW

305 0.2810
253 |au'lne 0.7180|| 281|AJ 0.3145 SuifseU
2541 AUDTIUAN 0.5044 282 | AN 0.3621 306 AITHIULLI 0.2379
255 | aulu 0.0407|| 283|naon -0.5976|| 307|A03 0.5666
256 | Au 0.1397|| 284|nde 0.4946|| 308|ANWidAN | -0.4356
257 |AuT2Y 0.6082|| 285|nd1l 0.1238|| 309| A3 0.0598
258 | AusN 0.2189|| 286|AIUAN 0.4860|| 310[A1WUNME | 0.1583
259 | Ause -0.7083|| 287|m18@ 0.1954(| 311|ANUdU 0.4387
260 | AU 0.1923|| 288|A73 0.4314|| 312|anuamnse | 1.1401
261 |Avag 0.5269|| 289|A259Y 0.4242|| 313 |[ANUgY 0.9184
262 | AUE@) -0.2937|| 290 |AW -0.1477|| 314|anw@aela | -0.9128
263 | AUEY 1.1100|| 291 |ANuAA 0.5816|| 315|ANUKN1E | 0.4004
264 [AudY 03011 292|anudAaiin | 03675( 316|anudiu 0.5931
265 | AU 0.6274|| 293|AND3 0.4398|| 317|AM@ 0.3203
266 AN 0.4131] 294|ANNA5HY 0.8401|| 318[aH 0.4537
267| A3 0.5675|| 295|aie 0.1681|| 319|a® 0.0902
268|A509 0.3133|| 296|AnuA 0.8118|| 320|noW 0.4020
269 ﬂif’NLﬁ@Q -0.0246 AN 321 |08 0.4359

297 ., 0.3522 ,
270 |As0U -0.6219 enajou 322 | Aoy 0.4345
271 |AT0UAS -0.9682|| 298| Anmuanuen | 01111 323 |aosaldu 0.6766
272 |a%a 0.1783|| 299|AnwgnABY | 0.7462|| 324 |y 0.3225
273 | adaii 0.1321 ANY 325| Ay 0.0197
— 300 0.1679
274|591l -0.5763 aeany 326 | AZIUY 0.2911
275 | a5y 0.4204 ANy 327 | Aamu 0.2497
. 301 0.2980 -

276 | ATUMY 0.6137 535 328 A 0.2272
277|510 0.4442|| 302|ANWHA 0.0510| 329 0.2966
278| a3 0.6500|| 303|AwEABITN | 0.2334|| 330 |M 0.5777
279 A5l 0.3131|| 304|A2W5D 03122]| 331|M 0.7822
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332 | Mg 0.4328|| 360|nuHUD 1.1138|| 388|anans -0.2307
333|ANAN -0.0494 || 361|aw 0.6831|| 389 |a1dI08 -0.3573
334 | mlda1e 0.3805|| 362 (A 0.4980 || 390 Tarman 0.5481
335 |Au 0.5770|| 363|AuAToq 03121 391]3n -0.0066
336| MY 0.5730|| 364 |9y 0.7312]| 392 |44 0.3796
337 A3 0.1686|| 3659 0.8859(| 393|4a 0.2695
338| -0.0095 || 366|an3dl -0.4060|| 394 |3U 0.3919
339| fnoL 0.1574|| 367 |9 0.3303|| 395|quilszanm | 0.2833
340 | 0w 0.3772|| 368 |1AY 0.2737|| 396|4ua18 -0.0939
341 | My 0.1933|| 369|150 -0.0560|| 397|479 1.2127
342 | f1da -0.0735|| 370|150 0.0720|| 398 |40 0.3142
343 |fa 0.4577|| 371 |1n309iu 0.1344|| 39930 0.6984
344 |AnQ 0.2626|| 372[1ATRUUY 0.3109(| 400 |Ju 0.5479
345 | An’la 0.4594|| 373 |1A509K0 0.1043|| 401 |y 0.3577
346 | AnDg 0.2833|| 374 (1A 0.1203|| 402|91u 0.7680
347| NN 0.5296|| 375[1@13N 0.5645|| 403 |3 1.3916
348 | A7 0.3277|| 376|un 0.1100(| 404|410 0.6391
349 | Au 0.4313|| 377|ufu -0.4239|| 4053 0.7473
350 D 0.3530(| 378 |uAu 0.5281|| 406 |3 0.5960
351|9) 0.5439| 379 |uAll 0.1935|| 407 101 -0.2377
352|an 0.3105|| 380|un3 0.9798|| 408 |idu 0.6750
353 | A 0.5915|| 381|1a 0.4709|| 409|{ufeou 0.3919
354 | AMUTITY 0.7728|| 382|Ia% 0.6298|| 410|Rupon 0.5835
355 AT 0.2662|| 383|TA% 1.0456|| 411|[uned 0.5916
356 | AQIND -0.1156|| 384|Inns 0.1801|| 412|Rey 0.7817
357 | AN N 0.7816|| 385|Tasan3 0.7688|| 413|13 0.5859
358 | AauL -0.0969|| 386 1n3 03429 414|1q 0.2674
359 | naene 0.5491 || 387 |4 -0.1286|| 415|949 0.0314
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416 [au 0.3180|| 444 |duay 0.1861|| 472|3u 1.1061
417 3uUn 0.0504|| 445|914 0.7309(| 473|%9 0.2145
418 au'l@ 0.3385|| 446 |vnyls -0.0869 || 474|9 0.7479
419 [Ud9 0.1721|| 447|%% 0.9231|| 475|398 0.3730
420 |91 0.4496 || 448|9aM3 0.6051|| 476|1 0.5860
421 |9y 0.0973|| 449|dasdey 0.4865|| 477(18 0.5731
422935000358 | 0.0624|| 450 |3 -0.1236|| 478|1% 0.3736
423|957 -0.2318|| 451|304 -0.4853|| 479|134 0.2548
4249 12391 452|m 0.4124|| 480|134 0.9977
425[939 0.0982| 453|91 0.4046 || 481|1wAMT 0.3728
426 [93999 0.2760|| 454|%1 1.2645|| 482 |13 0.4557
427 950555U 0.1958|| 455|910 0.1626|| 483 |13y -0.4844
42820 0.4028|| 456|910/ -0.6479|| 484130179 -0.7143
429|909 0.4449 (| 457|919 0.6657|| 485(19591 -0.0924
430|904 -0.0624|| 458|91u 0.0839|| 4861931y 0.9725
431|900 0.1144|| 459|918 0.4716|| 487|190 0.1543
432 [v0u 0.3544 || 460|913 0.3631|| 488|weonu 0.3355
433 |a 0.2735|| 461|% 0.3582|| 489 |1 0.3244
434 |92 0.7253|| 462|319n 0.2755|| 490 1104 0.2501
435|132 0.7160|| 463|118 0.4616|| 491 |191u1e 0.4383
436 |9z 0.3382|| 464|31mu 0.3145|| 492 [wiinay | -0.2700
437 a2 0.3329| 465|311 04392 493 |invhil -0.1522
438 | vzl 0.3314|| 466|313 0.4314|| 494|uan 0.9443
439 g1/ 0.5243|| 467|3 0.3361|| 4951199 -0.3331
440 [a2an 0.2663|| 468|3n 0.1767|| 496|139 0.3010
441 |90 0.5793|| 469|3ale -0.0895 || 497|u39ny -0.2527
442 (99 0.0863|| 470|3adiln 0.1701(| 498|Tvs 0.3792
443|995 0.1257|| 471)3 0.7181( 499|710 0.1388
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500 | Tagi -0.8667|| 528|voU 0.9000|| 556|%12Tan 0.3383
501 | 1a@ 1.3107|| 529 | 0.3773|| 557 |¥1du 0.5426
502 | lotdiu 0.2672|| 530|%¥n 0.3417|| 558|% 0.5530
503|181 -0.8877|| 531 |44 0.2814|| 559|%4 -0.2630
504 | la 0.1426|| 532|¥a 0.2376|| 560 |Fu 0.3538
505 | p1iu 0.4365|| 533 |¥aau 0.7578|| 561 |FUIAT 0.1372
506 | naA 13747|| 5349 0.5213|| 562 | ¥ 0.5822
507 | AU 0.2367|| 535|%¢ 0.7152|| 563 |% 0.1921
508 | n 1Y -0.0855|| 536|92 0.0162|| 5645 0.2352
509 [AVTY 0.6114|| 537|%2Tnn3 0.7966|| 565|¥1199 0.2158
510 (RN 0.2812|| 538|%2Ta 0.1400|| 566|370 -0.0050
511 10N 0.3256|| 539|935 0.4367|| 567|Fua 1.4386
512|100 0.6648 || 540 0.6601|| 568|%0 0.8576
513 1R 0.2328|| 41| 0.1110|| 56940 0.6487
514|%n 0.8091|| 542 |%14 0.1702|| 570 | Hordeq 0.4431
515 | ¥4 0.0541|| 543|919 0.1240|| 571|9@ 1.2773
516 | ¥IUY -1.4140|| 544 |1@ 0.5118|| 572|guyu 0.4640
517| ¥al¥ -0.8037|| 545|¥d Ine 0.5171|| 573|% 0.5696
518 | U -0.4449|| 546 | mAThuiies | 0.6926|| 574 |1%n 0.1192
519 |¥ug 1.2919|| 547 |m1@nin -0.0046|| 575 13U 0.7034
520 | %W 1.1002|| 548 |¥1@1iN -0.6214|| 576 [1IFUnU 0.1224
521|524 0.3328|| 549 |¥@ 04425|| 577|uit 0.0924
522|998 0.3464|| 550 |¥ouan 0.6109|| 578|191 0.4396
523 (97U 0.5101|| 551[¥M 0.4840(| 579 1Fqy 0.9627
524 %70 0.4976|| 552|¥1'Ine 0.4862|| 580 [1Fealnai 0.6542
525 [¥20nU 0.4551|| 553 |¥1IUn 0.4472|| 581 |wef 1.1230
526 | ¥01iA0 0.7122|| 554|121 0.6102|| 582|1%en 0.6489
527 %04 0.6165|| 555|¥1IWNG 0.0776|| 583 |1%e 0.3629
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584130 0.1791|| 612|% 0.4688|| 64061 -0.0208
585 |14 03804 613 |a 0.4187|| 641|a 0.3358
586 Ll 0.8327|| 614| %3 -0.0795|| 642 |@n -0.9000
587 |uy§ 0.1416|| 6154 0.2986|| 643 |a1U 0.3617
588 | lyAa 10649 || 616|460 0.8211|| 644 |1u 0.6707
589 | Tas7 1.0556|| 617|@ovas 0.4548|| 645 | 0.0609
590 | 1% 0.5375|| 618 1% 0.8203|| 646 |A131 0.7181
591 | 19 0.6139|| 61914 0.1930|| 647|a1 0.5547
592|149 0.2358|| 620|@ -1.2110|| 648|A1299A13 0.4903
593 1918 0.4267|| 621|andAfifes | -0.8848|| 649 e 0.2400
594 1910an 0.2991|| 622 th:;u 0.8245|| 650 (¢ 0.6114
595 |19l 0.6319|| 623|311 0.1781|| 651 |AutuUMS3 0.4070
596 | 195 vty 0.5871|| 624|911 0.4075|| 652|Autiuaa -0.1566
597 | 1481110 0.2190|| 625w 0.1952|| 653|@ 0.6482
598 | 'l 0.7026|| 626|185 -0.1868 || 654 |Anu 0.2379
599 |47 0.1125|| 627|a4 -0.9768|| 655|aAu 0.3543
600 | O 0.2855|| 628|A51W1 0.3535(| 656| A -0.0033
601 | to 0.2191|| 629|a29 0.0645|| 657|@ 0.9000
602 | 408 0.0622|| 630|A7U 0.0181|| 658|ANM 0.9000
603 | w2 0.4817|| 631|a78 03681|| 659| @ 0.6136
604| w231 0.0318|| 632|A2enu -0.0021|| 660|934 0.5468
605 | B 0.5022|| 633| e 0.5660|| 661|ala 1.1772
606 | 1 0.4575|| 634|@2eN 0.2065|| 662|Aua 0.7775
607 | e 0.4209|| 635|a0 0.3360|| 663 |ANN 1.0938
608 | H 151 0.5546|| 636 |A0N 0.6662|| 664|a9 0.5849
609 4 -0.2036|| 637|043 0.0565|| 665 A 0.1767
610/ Fufn -0.3973|| 638|@4 0.8089 (| 6669 0.7090
611|% 0.7503|| 639 |du 0.2472|| 667|9 0.4460
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668 | A% -0.2208|| 696 | 1AEBINY 02071 | 724|@AusN -1.0054
669 |99 02715|| 697| @il 0.4267|| 725|anag 0.1910
670 | 9@ 0.8161|| 698|RensoU 0.5024|| 726 |99 0.3818
671 |9 0.3015|| 699|1AeuU 0.3055|| 727|au 0.5298
672 |9gn 0.8504|| 700|u@n 0.6905|| 728|Au 0.6360
673 |gua 0.5334(| 701|uaq 0.4006|| 729 |au'lsd 0.3798
67414 03611] 702 |uau 0.1899|| 730|Aumg 0.1155
675|181 0.0922(| 703 | Tau -0.0709|| 731|auteq 0.4292
676|100 0.1490|| 704 |Tag 0.1732|| 732|a 0.4633
67719 0.0433|| 705 | Taemme 0.3274|| 733 |@u 0.2665
678 [1AnA 0.7480|| 706 Tagii -0.3945|| 734 |@34 0.8387
679 [ 1fin'Ing 0.8936|| 707|Taei37 -0.6318|| 735 |azaru 0.3068
680 1Ny -0.2520(| 708|1a 0.2611] 736 |a3393 -0.0516
681 [1BminiFon | 0.6471|| 709|14 03199|| 737|@5si] 0.5760
682|194 0.4004|| 710|lAvu1a -0.1467|| 738 |a59 11 0.8612
683 [1fiAvA 0.4656(| 711 '18Ru 0.5550|| 739|a329 0.4244
684 11 -0.3770|| 712]'14%0 0.3465|| 740 |a3519@0Y 0.6875
685 1A 0.4781|| 713|'lda 1.1389|| 741 |a3zQa 0.2886
686|105 RU 0.6204| 714|147 0.7745|| 742 |@3 0.1909
687140 0.8358(| 715|1A1lszTomi | 0.3684|| 743|m3 0.0107
688 1A 0.2855|| 716|181 0.7242|| 744|man 0.5570
689 1A 0.5029|| 717 'lAgu 0.1097|| 745|naen 0.6562
690 [ IAUN19 0.5833|| 718|850 -0.2755|| 746 |maoa¥in | -0.2223
691 | 1AunIN 0.5254|| 719|490 0.0947( 747|naea’ldl 1.3459
692 | 1AW 0.5757|| 720|an 0.0795|| 748 |Aavaria 0.1225
693|178 0.2120( 721 |anau 0.3766|| 749 |aana 0.5991
694 | 1AE7 0.5659|| 722|anla 0.0527|| 750| a0 0.4037
695 | @67 0.4934|| 723|aneh 0.0076|| 751|d® 0.0461
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752| A4 0.0643|| 780 |AaaU 0.4762|| 808 |@18¥1 0.1947
753 | d04M3 0.5470|| 781 |saaula 0.7739|| 809 [aaTng -0.5912
754| Aoann 0.4110|| 782 |aA¥" -0.0269(| 810|¢N 0.6081
755 | oAU 0.7389|| 783 |au 0.5455|| 811|en 0.0752
756 | foU 0.4672|| 784 | 0.2858|| 812[¢1379 0.2516
757 | aouil 0.4558| 785|A1934 0.8131| 813 |AuInig 1.1505
758 | ap1iU 0.2287|| 786 |4 0.1599|| 814|@ -0.4790
759 |puil 0.5244|| 787 |@31 0.3364|| 815|d4 0.3897
760 | fous U 0.4960|| 788 |@1981 0.7625|| 816|aa 0.2155
761 | AOULIN 0.4446|| 789 |aN04 0.3758| 817|AAnAN 0.0632
762 | AU 0.7355(| 790 | 0.2376|| 818|AAND 0.6221
763 | AoULUNY 0.8919| 791 |@14 0.4886|| 819|AAA7 -0.0330
764 | a0l 0.3320( 792 |a19Nu 0.2915| 820 |AAaW 0.5092
765 | A19Y 0.7068|| 793 [a19¥A 0.8439|| 821/ 0.4418
766 | o g 0.2400| 794 |alszima | 0.6431|| 822|@Au 0.4667
767 | Aenth 0.0890(| 795 |A1NIN 0.9099(| 823|@n -0.0968
768 | MoLvia 0.1310|| 796|@u 0.8374|| 824|du 0.4942
769 | Ao 14 0.2628|| 797|a -0.0220|| 8259 02717
770 | a1 0.4092|| 798 |auAY -0.3616|| 826|@ -0.0746
771 |912n29 0.0187|| 799 |amla 0.7122|| 827|9 0.4084
772|919 0.7891|| 800 | INNY -0.7914|| 8289 1.0377
773 | ia 0.4857|| 01| 0.5321|| 829|¢ 0.1935
74| s 0.6386|| 802 |muifu 0.0484|| 830|9@ 0.6706
775 | Aan 0.7560|| 803 |auaN 0.3277|| 831[18u 0.7932
776 | ala 0.5744 || 804 |muaLY 0.6776|| 832 |1fiy 0.6135
777| daud 0.3238|| 805 |0 0.2065|| 833 |1 0.5613
778 | waudusn 0.1500(| 806 |A18A -0.8625|| 834|158 0.5792
779 |9 0.1733|| 807 |meudn 0.0017|| 835[1@ToUAD 0.4089
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836|192 0.5961|| 864|008 0.6732|| 892|idlou 0.2863
837 1AW 0.3206|| 865|008 -0.2486|| 89310 0.0201
838 | 1fou 0.3487|| 866 |n08HAY 0.2872|| 894 |unu 0.6289
839 | U@l 0.4200|| 867 |1 0.0923|| 895|unad 0.3895
840 | LLAN 0.4700|| 868 |8 0.4712|| 896|102 0.6533
841 |uan 0.2942|| 869|011 0.5300|| 897|7Ta -0.2460
842 | UANAY 0.5108|| 870|814 0.3481|| 898|1a -0.0905
843 [AnLEN 0.4897|| 871|018 0.4900|| 899|nu 0.1959
844 [Anay 0.1002|| 872|283 0.6813|| 900 |NUY 0.4040
845 [LIANOU 0.4296|| 873 (DU 0.1405|| 901 |nu 1.1621
846 (11 0.7804 || 874|Dq 0.1148|| 902|N34 1.1272
847 | 11aRa 0.2707|| 875|Denu 0.0458|| 903 |N311U -0.7917
848 | 11ANA 2 0.6413|| 876|Devua -0.0727|| 904 |nind 0.5652
849 [1a3 Ty 0.4557|| 877|De0e 03625|| 905 | n¥ndau 0.1838
850 | At 0.6997|| 878|Fafigqa -0.5306(| 906 |51V 0.3021
851 |unaz 0.3380|| 879|000 0.7262|| 907|Nn29 0.0547
852 [upazAu 0.3526|| 880|DeM 0.7191|| 908 [Nw 0.2297
853 (1A 0.6034|| 881|943 0.5789|| 909 | N¥13 0.5104
854 [Lpg 0.5810|| 882|qu -0.1957|| 910|1® 0.4767
8551 0.3576|| 883|qY 0.7690|| 911|n03 0.6366
856 | 18 0.6030|| 884[gn 0.9000|| 912|709 0.0043
857 'ln 0.7548|| 885|gnI -0.2109|| 913 [nz@ 0.6718
858 | DUU 0.3472|| 886|gnla 0.6866|| 914 |nz1ae 0.2898
859|01in -0.1470|| 887|gnAes 1.0164|| 915 |n 0.6710
860 [Daw 0.2340|| 888|Qn¥IY 0.7220|| 916|vinHa 1.0701
861|010 0.3809|| 889 (100 0.2118]| 917 |14 0.1999
862 |n0A 0.7303|| 890|1Da 0.0982 91814 0.1319
863 00U 0.1372|| 891 [10e 0.5005|| 919 |Wanu -0.3099
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920| ] -0.0080 || 948| 0.2628|| 976 fiAu -0.0323
921 | wait 0.0879|| 949 [viAu 0.6895| 977| e 0.5193
922 | wariu 0.3532(| 950|M1au 0.7212|| 9787 -0.1647
923 |walan 0.3395|| 951 |vle 0.2858| 979 |Aurte3a 0.5407
924 | Waero 0.1588|| 952|vhdn 0.1096|| 980 |firiu 0.5554
925 | Wsaosrhe | -0.1886|| 953|d 12866 981 |7l 0.2812
926 | anua 0.2012|| 954|hAiiga 0.6486|| 982 |l 0.4855
927| Waviane 0.4199|| 955|%'l4 0.2685|| 983 [i'l1 0.2284
928 | 1 0.2469|| 956|118 0.7367|| 984| e 0.5640
929 ¥ 0.4461|| 957|vau 0.6045|| 985w 1.2456
930 [ iU 0.3360|| 9589111 0.4352|| 986| 7 0.4353
931 [N 0.1675|| 959 |¥h1ay 0.7877|| 987| 7l 0.5271
932|7 0.2845(| 960 |Tia 0.1087|| 988|730 -0.0640
933|tlszmet | 0.6308|| 961 [wmiAu | 0.5942|| 989|#'ls -0.1378
934|111 0.5534(| 962 |%ily 0.0250|| 990 #iudn 0.3047
935| ¥ Tan 0.8892|| 963|¥1310 0.1345|| 991 |79 0.6325
936 | NiAUAR 0.1950|| 964 |vi1ae 0.5618|| 992|912 0.6118
937 (M 0.5247|| 965 |¥AN 0.0671|| 993 ﬁqﬂ 0.1186
938 1M 0.6414|| 966 | i 0.7534|| 994 |Nnaq 0.2694
939 0.5197|] 967|¥ 1 0.4546|| 9957 lwu 0.5216
940 |71 0.3191|| 968|103 0.1841(| 996 ﬁagj -0.2648
941 (M4 03969 969 |4 0.3075|| 997|fau 0.2235
942 [MaMsiiies | 0.4733|| 9709 0.3051|| 998|% 0.4767
943 |9 lan 0.2633|| 971| 0.2562|| 999|9n 0.0344
944 | 11U 0.5547|| 972|% 0.5512 1000 | A% 0.1923
945 [ MU 0.8040|| 973 |Rifia -0.2165|| 1001 | AU 0.1576
946 | N3 03044|| 974|TAadY -0.8948 || 1002 V}ﬂﬂ%ﬂ -0.0381
947 [ M 0.1230|| 975| 0z 0.3565|| 1003 |NNFa 0.1690
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1004 | AN -0.3501 || 1032 {11113 0.3731| 1060 | UN1IA 0.1524
1005 | NN -0.0541 || 1033 [1eu 0.5889 || 1061 | uu 0.4018
1006 nnﬁ' 0.4372|| 1034 | 1oy 0.3891 | 1062 | uTe11g 0.4113
1007 |01 0.2438| 103511 0.6032 || 1063 | UsN -0.1676
1008 | nnFe -0.0181|| 1036 |1hen 0.1712 | 1064 |uo 0.4677
1009 | NN 0.1086| 1037 |us} 0.0154|| 1065 | uon 0.8509
1010 | 9N il 0.3366|| 1038|ufind 0.3600 || 1066 | HBNAIN 0.1697
1011 | nnoEN 0.5456|| 1039 |13 0.1736|| 1067 | uonilszime | 0.5702
1012 | 934 -0.1733 || 1040 [Ny 0.1526/| 1068 |04 0.0339
1013 [N 0.3238| 1041 |umudivy 0.0840 || 1069 | HOU 0.4743
1014 [N 0.1542 || 1042 [uny -0.1329| 1070 1¥o8 0.2135
1015 | 3l 0.2497 || 1043 [N 0.0549|| 1071 |ouad 0.1979
10161 0.4755|| 1044 | In 0.1540|| 1072 | ue 0.0918
1017 |1 1.1267|| 1045 | Ina 0.2207|| 1073 | ug 0.0344
1018|119 -0.0623 || 1046 | Ins 0.5552(| 1074 | Uz -0.1101
1019 | 1tnw 0.6605 || 1047 | Tnw -0.0943 || 1075 | ugde 0.7270
1020 | tn2@N 0.5946 || 1048 | In 0.3099|| 1076 | il 0.3267
1021 | nel 0.4355|| 1049 Ing 0.8461 || 1077 [1in 0.7989
1022 | 1nogy -0.1053 || 1050 | Inewaud | 0.6342|| 1078 |inmsidios | 0.6347
1023 |t 0.3535| 1051 | 5U1ANT -0.0687|| 1079 [ 1NN 0.7565
1024 |1 0.5904 || 1052|5554 0.7760 || 1080 [1n412 0.3227
1025 [ 1110u 0.6061 || 1053 | 55511A 0.8526|| 1081 |iniowdion | 0.4341
1026|111 0.1187|| 1054 | 5551A1 0.5980/| 1082 |1inTnw 0.2647
1027 | 0.4319|| 1055 |51 1.0588 || 1083 |1ni5eu 0.2348
1028 [y 0.4231|| 1056|§3n9 0.5255|| 1084 [1inad 0.4680
1029 [ 0.3772|| 1057|150 0.8892|| 1085|1233 0.1208
1030 | 1wl 0.6124(| 1058| 15 -0.1105|| 1086 | 1inANYT 0.6049
1031 [ 15 0.2841 | 1059 | un 0.9174|| 1087 [Yinnun 0.4203
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1088 | 114 0.2753|| 1116 w1 12648 || 1144 fiuag 0.5714
1089|154 0.3428 || 1117 [U18neos 1.1034|[ 1145 | Hunaz 0.7111
1090 | 1in 0.5087 || 1118 | u1emu 0.2357|| 1146 Fiieq 0.3915
1091 | 11 0.4013 || 1119 |[wewa 0.4427|| 1147|in 0.3772
1092 |15, 0.2398 || 1120|115 1.6159|| 1148|3ind -0.1691
1093 | tiunvas 0.0386|| 1121 |U1d9as -0.8255|| 1149 7lq 0.3284
1094 [Vuumaz 0.1450 || 1122 [viusiule -0.3358 (| 1150 | 0.1373
1095 | 11 0.5011 || 1123 [11918 0.1455|| 1151 | m3u 0.3334
1096 | 1iude 1.2087| 1124 |11 0.6785|| 1152 15in 0.0981
1097 | 11 0.3167|| 1125 |15 0.6169|| 1153 |1niu 0.7068
1098 | 11 0.4469| 1126|174 1.5207 || 1154 | 15901 -0.1294
1099 | 0.3653 || 1127 |15 -0.7079|| 1155|1170 0.3922
110011 0.4544|| 1128 [1he'lna -0.8451 || 1156 [1U02 0.3457
1101 | HIN&? 20.2287|| 1129 1w 0.1204 || 1157 [1un 0.6185
1102 | Hunaea 0.3263|| 1130 [vhiu 1.0105|| 1158|1112 0.3928
1103 | 1 0.9756(| 1131 |1 0.5083|| 1159/ 1iie 0.3459
1104 | 19913 0.4365| 1132 |1 0.7755|| 1160/ sile 0.2767
1105 | w13 0.6221| 1133|114 0.7690 || 1161 [1Heu 0.1565
1106 | 1192 0.5213|| 1134 |1in 03620|| 1162/ 1il0 0.1235
1107 | ez 0.5093 || 1135 | HaAen 0.0420|| 1163 |1y 0.5051
1108 |13 1.12821| 1136 | Aoy 0.4283 || 1164|1115 0.3647
1109 |19 0.0877|| 1137 |fiuud 0.0787|| 1165 |11l 0.2222
1110 | W19 0.3053 || 1138 |How 0.5762|| 1166 | Uy 0.1865
1111 | W 0.7798 || 1139/ 712 0.2784 || 1167 [uiuou 0.4932
1112 | duile 0.3226 || 1140 | ey 0.8163 | 1168 |1U2 0.4586
1113 | 1w 03474 11417} 0.3825(| 1169 | Uz 0.7906
1114 [ Wwana 01611 || 1142|3 0.3382(| 1170| Tu 0.7075
1115 | 11e 0.4202| 1143 Fn 0.1312| 1171 | Tu 0.4863




149
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1172 | Tiu 0.3228 || 1200 | 1oy 0.2366 || 12281 0.5033
1173 | 1u 0.3287|| 1201 |uoa 1.1058|| 1229 |yn 0.2708
1174 | TuTs 0.3663 || 1202 |uoalan 0.5520(| 1230 | yAna -0.0518
1175 | Tuna 0.8853 || 1203 [1in -0.0374 || 1231 |y 0.7739
1176 | luthu 0.4390 || 1204 |19 0.5168 || 1232 |1y 0.3113
1177 | Tutlsgima | 0.6826| 1205 | 179611 0.6954 || 1233 |1ju 1.7468
1178 | lwidioq 0.5206 || 1206 |1i5 0.2836 || 1234|1119 -0.1047
1179| TuTan 0.8230|| 1207 |12 1.2464| 1235|1we$ 0.8073
1180 | Tuwraag 0.4813 | 1208 |1 0.3691 | 1236|111 0.3317
1181 | Tusinn 0.5625|| 1209 | U119 0.4674|| 1237| o7 0.2411
1182 Tu 0.4810|| 1210|149 0.3319| 12381l 0.9541
1183 |un -0.0529|| 1211 | U9AY 0.6043|| 1239 | iHlpanda 0.0811
1184 |Un 0.5163|| 1212 | 11anss 0.2272 || 1240 111 0.4328
1185 [ Uniseu -0.0911 || 1213 [ 1199 0.1075 || 1241 11119 0.5896
1186 | U 0.2507| 1214 | 11l -1.2702|| 1242 |unad 0.2069
1187 |Uu 0.5423 || 12151 0.3709 || 1243 (11U 0.1510
1188 | U558 -0.7558 || 1216 | 111 0.1678 || 1244 |uuy 0.5426
1189 | UM 0.8235(| 1217 1hu 0.6179|| 1245 | il 0.1325
1190 | U591A 0.3758|| 1218|thuiies 0.6841 || 1246 [L1UVDEN 0.8563
1191 | USHN 0.4104|| 1219 |11 -0.2094|| 1247 | Tusa 0.6080
1192 u“z;m? -0.0651 || 1220 | 111/n35W -0.5579 | 1248 | 1y 0.7109
1193 | UTH3 1.0238 (| 1221|118 0.3761| 1249|023 0.1653
1194 | U170 0.5216|| 1222 (1153 0.6239| 1250| luda 0.0617
1195 | U2% 0.1884| 1223 |1h8m1e 0.2770{| 1251 |1/n 0.3869
1196 | 10 02972|| 1224]1in 0.4330|| 1252 | Unaseq 0.7423
1197 | Uon 0.4756|| 1225 | Darilou 0.1508 || 1253|1/na 0.6064
1198 | UDNATA 0.4172|| 1226 |1u 0.4130|| 1254 [Uniles 0.1636
1199 [1ou 0.6464| 1227|1v -0.0772|| 1255|110 0.7474
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1256 |1Ug31/ 0.2067|| 1283 |Uszya -0.1531 || 1310|128 0.1192
1257 1109 0.7956 || 1284 [1Jszgnt 0.8982|| 1311|1o 0.4382
1258 1931/ 0.8263 || 1285|1/szens 1.1735 || 1312 | ffoarin 0.1735
12591934 0.5179 || 1286 |15z Towi 0.7661 | 1313 |ou -0.2625
1260 | 1J509A04 0.1636 || 1287|1524 0.4619|| 1314 |1z 0.6655
1261 |15 0.2123 SIEERE 1315 |1z 0.5921
1288 c, 0.6347

1262 | 1)3zn70 0.6187 a3 1316 Jag1iu 0.6682
1263 | 15znu 0.1692|| 1289|1)szam 0.0566| 1317 | Taya 0.4166
1264 |15zme 0.6454|| 1290|1)3zvida 0.9461 | 1318 | Jyyroou | 0.4058
1265 | U3z -0.0264 || 1291|1323 -0.5077 | 1319 | Jaynn 0.5413
1266 | 1321 0.3692 || 1292 [Usems¥Ia | -0.5724 | 1320|1Tu 0.3561
1267 | sz ¥0 0.1475|| 1293 |51 0.8091|| 1321 |ifu 0.7078
1268 | U3z 0.6777|| 1294 |1511)34 0.4939(| 1322|1h 0.1998
1269 |5z91951 0.6608 || 1295 [1/311 0.9773|| 1323 |1h 0.9015

UszFi 1206|139 -0.2003 || 1324 |1h 0.4389
1270 1.0905

lny 1297 |1aq -0.2468 | 1325|1h 0.4308
1271 [Usganiden | 0.0630|| 1298 [1lan 0.7166 || 1326 |1 0.8289
1272 | Uszaum 0.4420/| 1299|1/du 0.5169| 1327 |1hn% 0.0405
1273 |5z 0.2121] 1300{1/a2n 0.2999|| 1328|1hnites 0.4480
1274 | 521fiu 0.47811| 1301 |aoany 0.2072|| 1329 [thnnun 0.5090
1275 [1)529 0.4321| 1302 |asw 02723| 1330| Thuil 0.2633
1276 | 52129 0.6434 || 1303 |Uaen 0.3506 || 1331|1he 0.7355
1277 | Usgna 0.6653 || 1304 |1lan 0.3372|| 1332 |1 0.7289
1278 | Uszmasa | 0.6225|| 1305 |ane 0.6505 || 1333 | Uanii -0.7118
1279 |szmetlng | 0.5169|| 1306 |1/An 0.8080 || 13341/ 0.5498
1280 | 3210m 0.3954|| 1307 |1/gn 0.5321 | 1335|Ju 0.5635
1281 sz 0.4398 || 1308 |1)2m -0.2988 || 1336 |1 0.5254
1282 [szum -0.2428 (| 1309 |11 0.3509| 13371 0.0631

&l
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No. Word SV No. Word NAY No. Word SV
1338 ] 0.3879 || 1366 |11 0.3946 || 1394 ¢ 0.1019
1339/ 17la 0.1266 || 1367 [Whunvda | 0.2722|| 1395 |1y 0.1223
N ) 9 A
1340 | 13 0.2824 | 1368 |11)n 0.7106 || 1396 | Aunaea -0.3426
1341 i Funang 0.4927 || 1369 | oume 0.7053 || 1397 | A -0.9000
1342 1flumns 0.2127|| 1370 |utlan 0.7022 (| 1398 |Hang¥uE | -0.1270
1343 | iFurda 0.3406|| 1371 |utlan 0.1342|| 1399 Hagn 0.3689
1344 1¥uai1 0.2909 (| 1372 | TaJsn 0.1408 || 1400 | HaNA1A 0.3973
1345 | iFunnu 0.1484/| 1373| 1 0.3627|| 1401 | WANIY 0.5220
1346 | 13u'lq 0.6045 || 1374/ Tl -0.1393 || 1402 | # 0.3297
I a 2
1347 | 131939 0.4273 || 1375 | l1lg 0.9804 || 1403 | M4 0.6725
1348 | 15lu'l& 0.5648 || 1376 | ldalnu 0.2436 || 1404 | i 0.0893
] = Y
1349 | 15]ua? 0.5987 || 1377 | liliiien 0.7084 || 1405 | ¢ -0.2978
1350|1311 16 0.1621| 1378 TJan 03660 || 1406 |gnAoMe | -0.3075
1351 | Wuldaws | -0.1047|| 1379| Tdgquad | -0.6873 || 1407 | e 0.4187
1352 [ iilug 0.6966 || 1380/ 1J1i1 0.3300| 1408 | /i Taga1s -0.0403
1353 | iFhuiou 0.3492| 1381 11 lvins 0.3422| 1409 | AN -0.6066
1354 1Fuiseq 0.1816 || 1382 | w1l 1.0247|| 1410 | 0.7343
1355|1815 -0.0077|| 1383 | Wy 0.6928 || 1411 |fUsN13 0.5189
3 Y
1356 [1Tu'ls 0.1366 || 1384 |Wa 0.2448|| 1412 |filnAses | -0.4008
1357 [ iflumnil 0.1004|| 1385 |Wan33u -1.1820| 1413| 0.7511
1358 |1 uning 0.4887|| 1386 | MO 0.9946 || 1414 |fideT3n -0.7113
I ] 4 Y a
1359 |1 ulvigy -0.0840|| 1387 | watlszTowl | 0.5853|| 1415|fna 0.3383
I a [}
1360 [1Tuoz1s -0.1877 || 1388 |Man 0.50611| 1416 | 1viy 0.2787
1361 |11)30 0.1558 || 1389 |Hou 0.1358| 1417 | fou 0.2620
1362 | 1lan 0.4817 || 1390 | HoOM 0.3928| 1418|wAIAS 0.7565
1363 | 1/asu 0.8558| 1391 |Fin 0.4595|| 1419 |18 0.2772
1364 [1faou 11 0.4973|| 1392 0.1899 || 1420 |1fi® 0.6867
1365 [11)@09 0.2642 || 1393 [H iy -0.1102|| 1421 |11 0.1072
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No. Word SV No. Word SV No. Word SV
1422 | uHU 0.3455|| 1449 |[W33AWIN | -0.0515|| 1476|wo'ld 0.3477
1423 | uHUAY 0.4288| 1450 | wiow 0.8187|| 1477 | woriaq 0.5892
1424 |uruaulne | 0.2967|| 1451 |nse 0.5640 || 1478 [ WouL -0.3656
1425 Twa -0.0232|| 1452 | Wiziv3ny -0.2490 || 1479 [ woua" -0.0812
1426 | Hlu 0.6629|| 1453 | W3z 0.2696|| 1480 | Wn 0.4715
1427 | Huan 0.1719 (| 1454| wszWnE31 | 0.3108 || 1481 |nWnwou 0.4695
1428 | W54 0.9189 NIENNT 1482 | W3 0.5171
1455 0.1447

1429 | A 0.2088 AU 1483 | ¥ 1.2222
1430/ e 0.3286 || 1456 | Wz aal 0.1924 || 1484 ¥inen 0.5204
1431 | flu 0.8500 || 1457 |n3z0en 0.5958 | 1485 | Wu -0.0572
1432 |¢hn 0.5324/| 1458 | w3zton 0.6316/| 1486 | WUz 0.3706
1433 | fhe 0.2579| 1459 wg‘aﬁ 0.3973| 1487| M 0.3746
1434|fheasatny | 0.3863 || 1460 [WoAnssu 0.2038|| 1488 | W1A1I1Y | -0.1564
1435 [Hile 1.0930/|| 1461 | wa 0.3099| 1489 | W1 0.4888
1436 |Wn 1.1168]| 1462 | Wad 0.7467| 1490 | W1a 0.0930
1437 [1£h 0.4067|| 1463 | Waa 0.2285(| 1491 | N5 0.0572
1438 |10 0.2924 || 1464 | WnN 0.3925(| 1492 | N9 15947 0.5846
1439 W4 0.4284 || 1465 | Wanwn -0.0685 || 1493 | W 0.4668
1440 | 1 0.2630|| 1466|WINAM 0.5865|| 1494 | ety 0.5772
1441 | Wiinau 0.2122|] 1467 | wanwes -0.1277|| 1495 | Wgaul 0.4442
1442 |'Wu 0.2772|| 1468 | WanL31 0.4040|| 1496 | i 0.6049
1443 | W31 0.9855|| 1469 |0 0.2876 || 1497/ 0.8154
1444 | wenuna 0.5426|| 1470 | Wo -0.17911| 1498 | firfos 0.1331
1445 | W13 0.4438|| 1471 | wonu -0.17011| 1499 #tq 0.3848
1446 | N5 0.0824 || 1472 | viom 0.5140|| 1500/ M 0.3918
1447 | W35 0.6218 || 1473 | WodE 0.3406|| 1501 | W@ 0.4047

W33A 1474 | wo'ly 0.8375|| 1502 | WNs 0.3739
1448 ) 0.1216 -

M3t 1475 | wod 03154 1503 | e 0.5456
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No. Word SV No. Word SV No. Word SV

1504 | 1A 0.6685 || 1532 | Tnar 0.2042| 1560 | ¥¥1a® 0.4380
1505 | WAD 0.4997 || 1533 | Tnad 0.2107|| 1561 |u® 0.6641
1506 | WA 0.3627|| 1534 |5 0.5950 || 1562 | D3 0.5592
1507 |t 0.3500/| 1535|Weq 0.1206 || 1563 | wea'laifiu | -0.1190
1508 |t 0.0210 || 1536 |4 0.5401 || 1564 | 499 0.6346
1509 | 115 0.7200| 1537 Wu 0.5625|| 1565 | uoaLFii 0.5458
1510 |1Ws12 0.3469 || 1538 |71 0.6188| 1566|HoV 0.1276
1511 | w31z 0.7067|| 1539 |1vlar 0.4749| 1567 |11 -0.0326
1512 [mszeels | 0.2961(] 1540 [uvlu 0.4011|| 1568 | W 0.8005
1513 | 1Waq 0.0601 || 1541 | Ivl 0.4672 | 1569 | 1z 0.4832
1514 | 1Wae 0.0889 || 1542 [nw -0.1610|| 1570 |ue@ -0.2054
1515 | twel 0.4140|| 1543 | angi -0.3475|| 1571 |3n 0.3739
1516/ i -0.0598 || 1544 | Ne) 0.3269 || 1572 |18 -0.2411
1517 i 0.7245|| 1545 | 0.8326/| 1573 |14 0.6097
1518 1Ay 0.5955 || 1546 |mald 0.7215|| 1574173 0.5725
1519 | 1ieq 0.2813 || 1547 [ 0.0277|] 1575 |1fa 0.5321
1520 | teaua 0.3529 || 1548 [melu 0.5321|| 1576 | 1iu -0.0343
1521 |1t -0.3256|| 1549 |52 0.3920|| 1577 |1uule 1.0428
1522 | 1iiey 0.1954|| 1550 | 7111 0.6323|| 1578 | 1 0.3420
1523 | ile 0.3761 | 1551 | mu1lne 0.7165|| 1579 |17 0.5477
1524 1itou 0.3032|| 1552 |,¥ 0.3436/| 158011 0.3824
1525 [iiouthu 0.6593 || 1553 |giila 0.9393|| 1581 |11 0.1866
1526 [1ite 1% 0.4193 | 1554 |un 0.2885|| 1582 |11 0.6593
1527 |uw 0.8292 | 1555 |u@ 0.6285| 1583 [11n 0.3774
1528 |19 0.9729 (| 1556 | uyud -0.0160|| 1584|1100 0.3545
1529 | unng 0.7341|| 1557 |u1u 0.3505|| 1585 |11nA 0.5780
1530 | Lme 0.1674 || 1558 w7 0.7322| 1586 | 1NN 0.5150
1531 Tna 0.1500 || 1559 |1 0.4968 || 1587 |[11N11Y 0.4554
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No. Word SV No. Word SV No. Word SV

1588 |11n0U 0.3938 | 1616 | AN 0.2048|| 1644 |1ii03 0.5713
1589 | 11910 0.4148| 1617 |Tile 1.0112|| 1645 |iioqlne 0.8209
1590 | 110 0.4742 || 1618 |TuszTomi | 0.3591|| 1646 |1iipauen 0.5366
1591 | 11015911 0.2994 || 1619 | Uiy 0.6184|| 1647|1il0'l5 0.2470
1592 | 119151 -0.0063 || 1620 | W@ 0.4235|| 1648 ilonu 0.1055
1593 [17194 0.3556 || 1621|7304 0.1881|| 1649 |1if0'ln3 0.0997
1594 |11 0.3263 || 1622 |3ign -0.0462 || 1650 | 113 -0.3119
1595 |12 0.1481|| 1623 | Td@ 0.4075|| 1651 |11 0.1639
1596 | 111 0.4685 || 1624 Tian3 0.1900 || 1652 |uxfnseais -0.3161
1597 [uiile 0.2489| 1625 |3wh -0.1011 | 1653 | 13if 0.5754
1598 | 310 0.1972 || 1626 |17 -0.3348|| 1654 | 1114 0.1716
1599 | 115 -0.1860 || 1627 | Mivigwa 0.2959 || 1655|1134 0.2190
1600|1130 0.1046|| 1628 | U119 0.3440 | 1656 |usis -0.1728
1601 | 113580 0.5249 | 1629 | W o 0.7006 || 1657 | uslun -0.0234
1602 |11ay 0.4648 || 1630|%4 0.1881|| 1658 | uu 0.5046
1603 |1wd) 0.3697 || 1631 |Hu -0.1056 || 1659 113454 0.2312
1604 | 111 0.1538|| 1632 iin 0.0606 || 1660 [1347 0.0925
1605 |31 0.4649 || 1633 |ii® 0.5846/| 1661 |1z 0.1393
1606 | 3119 0.4932 | 1634| oo 0.0949 || 1662 | Tu 0.5981
1607 | 111 0.2276 || 1635 | alui -0.7259 || 1663 | 15 0.4249
1608 | 3 0.4654 || 1636|144 -0.0611 | 1664 | TuTv -0.0747
1609 | 0.4775|| 1637y 0.7626|| 1665 | lai 0.3659
1610 | A3 0.6861 || 1638 [1iin 0.2502| 1666/ ls¥ 0.5101
1611 UANNGY 0.9460 || 1639 |15iu 0.3872|| 1667 liind? 0.2711
1612 |3 0.1391| 1640 |11 -0.1677/| 1668 | l3ind 0.3313
1613 | Uidu 0.7796 || 1641 |1Ti® 0.2828| 1669 | ' 0.4684
1614 | 1372n 0.1756|| 1642]1ile 0.3512| 1670 laitAu 0.1456
1615 | i@ 0.2843|| 1643 |1iloneu 0.6137|| 1671 |Wifen 0.4906
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No. Word SV No. Word SV No. Word SV

1672 | laihla 0.0029 || 1700| lsinele 0.4961|| 1728 | anian 0.6217
1673 | liifow 0.6945 || 1701 | ai] 0.1854|| 1729 |sA3u 0.3432
1674 | liifia -0.1938 || 1702 | laidilas 0.0500 || 1730 | &1y 0.5783
1675 | Taigu -0.0420 || 1703 | lajzinng 0.0412| 1731 | o# 0.5368
1676 | lsitag 0.3016 || 1704 | laidiTu -0.2680| 1732 | o9 0.1906
1677 i 0.4890/| 1705 | laivou 0.4880 || 1733 |von 0.8081
1678 | Tisudludes | 0.7224]| 1706 leeusy 0.0955 || 1734 | soaiton 1.1730
1679 | liiize 0.6839|| 1707 liienn 0.2744| 1735 | fou 0.0869
1680 | 13l 0.2808|| 1708 laison 0.3817|| 1736 | oM 0.4036
1681 3@ 0.7389|| 1709 | 15i§ -0.3077|| 1737 | dou 0.4725
1682 | 1i'ld 0.2849|| 1710 1ai¥; -0.4381 (| 1738 [gousU 0.6905
1683 | lidoq 0.6578|| 1711 1sigsn -0.0013 || 1739 |64 0.3054
1684 | lsidpans 0.1567|| 1712 lud 0.9473 || 1740 dang 0.5895
1685 | laing1u 0.22191| 1713 | lum 0.2609 || 1741 | 633 0.1355
1686 | l3iviu -0.1065|| 1714 laigru 0.1442|| 1742|643 0.3027
1687 | laivh 0.5464 | 1715| lsiarula 0.5510]| 1743 |§4'la -0.0488
1688 | laj1in -0.4898 || 1716 | laigunas -0.0968 || 1744 |60 0.1241
1689 | Tajtiuie 0.0097 || 1717 | laisvin 0.5320 | 1745 | 4] 0.4935
1690 | lajuu -0.0915|| 1718 | liifiudae | 0.6455|| 1746 | 0.1447
1691 | laiviae -0.7246 || 1719 | lsiianean | 0.0757|| 1747 |6u 0.2165
1692 | laitsad 0.0593 || 1720 lai14% 0.3254|| 1748 |1 0.1878
1693 | laiid) 0.5628 (| 1721 lailv2 0.1256 || 1749 &1 0.4577
1694 | Tuiilu'ls 0.7752| 1722 laiog 0.0576|| 1750|810 0.5128
1695 | laitalan 0.8141 || 1723 | lasiee 0.2424(| 1751|819 1.0157
1696 | 13l 0.5810| 1724 laiten 0.5861|| 1752 | @19 -0.0407
1697 | liifia 0.4687|| 1725 |on 0.9372| 1753 |enth 0.1878
1698 | laivfu -0.1798 || 1726 | sntleq 0.1569 | 1754 |1 0.7969
1699 | lsine 0.2156 || 1727 | endes 0.7843 (| 1755 | 0.1970
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1756 | e 0.4684 || 1784181 0.4529 || 1812 |59us -0.0264
1757 |8m 0.9829 | 1785|1951 1.2798 || 1813|579 1.0736
1758 | g uanaa 0.2858 || 1786|1802 0.8231|| 1814 |54 0.2917
1759 | 8 0.1322|| 1787 |10z 10 0.7228|| 1815|590 0.5661
1760 84 0.2996 || 1788 [1&11%U 0.3280|| 1816|504 0.8065
1761|840 -0.1801 || 1789 |igens 1.5961| 1817|304 -0.2175
1762 |8alnq) 0.4617|| 1790 | ug 0.2019]| 1818|304l -0.7546
1763 | U 0.4033 || 1791 |uon 0.4296|| 1819|509 0.1602
1764 | gua 1.6225|| 1792 | uonues 0.5032| 1820 |5ou 0.4833
1765 | B 0.6712 || 1793 118 0.5692 | 1821|50U 0.3210
1766 |8 0.2527|| 1794 |1 -0.3005|| 1822|508 0.3071
1767 | Ua 0.9956 || 1795 | 1o 0.6771|| 1823|508 0.4019
1768 | daning 0.1066|| 1796 | Teq 0.0379|| 1824 |39a90191 | -0.2810
1769 | 8a81119 0.3336|| 1797 Tou 0.3959|| 1825|5z@1 0.5188
1770 | Bu 0.3151| 1798 | Teu 0.1246|| 1826 | 521U 0.6250
1771 |8 0.0175|| 179950 -0.3362 || 1827 |52U01 0.4213
1772 | duuu -1.0803 || 1800 |5@ 0.1786 || 1828 | 5z1la -0.0467
1773 | Budu 0.6919|| 1801 |50 0.3810|| 1829|5261 -0.6307
1774 | gy 0.2343 || 1802 |50@AA 0.4712|| 1830|5239 0.3944
1775 |4 0.5779|| 1803|590 'lu 0.1764 | 1831|5214 0.3483
1776 | gn 0.7514 || 1804 |508Ud 0.3006|| 1832|5n 0.9000
1777 |89 0.8077|| 1805 |51 0.5244| 1833|5n®N 0.6339
1778 | @ 0.3316/| 1806 | 5UNIU 0.4754(| 1834|549 0.2516
1779 | 4@ 33 0.2053 || 1807 |5% 0.2663 || 1835 |59un 0.5562
1780 | 4N 0.4442 || 1808 [57u 0.2600 || 1836|573 0.7231
1781 | gu 0.2853 || 1809 |32 0.1308|| 1837|5gB3suyny | 0.3674
178218 1.4970|| 1810 | 57MAU 0.2650 (| 1838|5311a 0.6658
1783 | 18ia -0.0503 || 1811 [52mnU 0.0423 || 1839|531szms | 0.6623
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1840 | STUUA3 03710 1868|518l 0.9032 | 1896|151 0.5538
1841 |5 0.1181] 1869|1815 -0.0005 || 1897 |i5u 0.6003
1842 | FURY -0.0129 || 1870|5115y 0.1533|| 1898 | Fudu 0.5979
1843 | 5191 0.0725|| 1871|3158 0.4469 || 189958 0.4227
1844 [ 5114 0.3128|] 1872|3 0.5734|| 1900 i5enT0q 0.2992
1845|511a 0.0418| 1873 3@ 0.1579(| 1901 | 58N 0.8903
1846 |50 Tnw -0.7499 || 1874 (31 0.2387|| 1902 |i5eu 0.7570
1847 | Sutieq 0.1268|| 1875(3 0.4147|| 1903 |Fev508 0.7262
1848 | Suiia 0.0270|| 1876|514 0.2040|| 1904 |i50 0.6059
1849 | SuAAvoy | -0.0515|| 1877 |51lan 0.3676| 1905|504 0.3978
1850 | 5U504 0.9523|| 1878 |30 0.3882|| 1906|304 0.2354
1851|503 -0.3315|| 1879 |5u 0.2999|| 1907|50ams 0.7487
1852 | Seny 0.7653 || 1880 | 71134 -0.2633 || 1908 (304934 0.1567
1853 |31 0.4662 || 1881 |5 0.0083 || 1909 | Eosih 0.4929
1854 | 51AM8 0.6322| 18823 0.3998 || 1910|500 0.4849
1855 [51A 1.0409 || 18835 0.1609 (| 1911|u3n 0.6650
185657149 0.1163|| 18843 0.5775|| 1912 |us4 0.4795
18573514 0.1141|| 1885|33n 0.5060 || 1913 | 159911 0.1843
1858 | 319me 0.4508 || 1886 |59 0.2584 || 1914|132 0.0670
18593197 1.2066 || 188737 0.2042 | 1915|use 0.4386
1860 | 51% 0.4683 || 1888 |31 0.2004 || 1916|135 0.4915
1861 | 513 0.4339|| 1889 | 3luvn 0.0871|| 1917| 15 0.2200
1862 | 511 0.9119| 1890| %304 0.1423|| 1918| Tsn9a 0.0867
1863 |51 0.3579|| 1891 §@n -0.4862 || 1919|159 0.2479
1864|918 0.0827 || 1892|504 0.1327|| 1920| T5991u4 0.4150
1865|510 -0.1980 || 1893|159 -0.0133|| 1921 | Tsawenuia | 0.2229
1866 | 51913 0.7633|| 1894152 -0.1959 || 1922 | T39%n 0.1898
1867 | 31897117 0.2977|| 1895 |150¢ 0.2093 || 1923 | T5ai5 U 0.3562




158

No. Word SV No. Word SV No. Word SV

1924 'l5 0.1656|| 1952 |any 0.4137/| 1980 |gnMn 0.3243
1925 |15 0.1434|| 1953 | av8uIa -0.1867 || 1981 |gnwe 0.0896
1926 | 13 0.3506|| 1954|ag 0.5271|| 1982|gnilos 0.3663
1927 | 1§anse 0.7283|| 1955|a 0.3634|| 1983 | gnAxe 0.5206
1928 |4 0.3009|| 1956 | azA3 0.6703 || 1984 qnil 0.2302
1929|2991 0.0922(| 1957 |dn 0.7435| 1985 |gniiie -0.3301
1930 | 24N U 0.4031 || 1958 |dnwal 0.9004 || 1986 |gnAnd 0.1777
1931 |a¢Iny -0.5771 || 1959 &4 0.2964|| 1987 |gna1n -0.0492
1932|a4usn -0.3681 || 1960 &1 0.5571| 1988 |gnwa1u 0.1715
1933|2911 0.3040|| 1961 |an 0.1937|| 1989 [1&n 0.6059
1934 |an 0.6298|| 1962 |an 0.5371|| 1990 | 1% 1.1389
1935 |an Tny -0.0312/| 1963 | a1 0.0984| 1991 1au 0.2563
1936 | anaq 0.1764 | 1964|814 0.3010| 1992 |1au 0.9091
1937 |du 0.0758| 1965|a1u 0.8660 || 1993 [laumsLiiod | 0.4900
1938 | au 0.6940|| 1966 | a8 0.5364/| 1994 |18 0.3875
1939 |aumng 0.3058| 1967|212 0.8040|| 1995 |1 0.7048
1940 | a3 0.2761|| 1968 | a1@0n 0.4449|| 1996 1a7 -0.9000
1941 | A1 0.5020/| 1969 | & 0.1442|| 1997 |1a$e -0.6260
1942 | ayau 0.1935|| 1970|&111A 0.4218|| 1998 |1az 0.1418
1943 |24 0.2092|| 1971|349 0.3473|| 1999 1@ 0.1835
1944 | 829111H 02788 || 1972|Au -0.0277 (| 2000 |@n 0.5254
1945|371 0.3216]| 1973 |@n 0.23511| 2001 | 138 1.0732
1946 | a® 0.2220| 1974 | 0.3358| 2002 | (A0 0.4097
1947 |89 0.2154|| 1975|gn 0.2259/| 2003 Lgﬂdgﬂ -0.0348
1948 |aon -0.09811 1976 |94 0.6585 || 2004 |1@en 0.8636
1949|204 0.5783|| 1977|du 10759 | 2005 | iAones 0.8213
1950 | a4 0.5913(| 1978 | qo 0.7613 || 2006 | 1ioA 0.1755
1951 |ann 0.4835|| 1979|gn 0.0514|| 2007| iAo 0.0449
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No. Word SV No. Word SV No. Word SV

2008 | 1@ 0.6012| 2036 |2 0.2946|| 2064 |25 0.4436
2009 | 1@ 0.0738 | 2037 |32 -0.0435|| 2065 [35Ms 0.6122
2010 | 1144 0.3001 || 2038 | IAUTTTU 0.4290|| 2066 | U 0.7925
2011 | waud 0.3756|| 2039 |39 0.8297|| 2067 | 21i® 0.8895
2012 | udn 0.3046 || 2040 | U 0.1956|| 2068 | 71Uy 0.7618
2013 [1df 0.1915 || 2041 | Fudi 0.3858 || 2069 |17# 0.4862
2014 | udHnu 0.3736 || 2042| st 0.04111| 2070 [13u -0.0666
2015 | udne 0.1484| 2043 | Fuil 0.4626|| 2071 |3 0.5361
2016 | udua 0.7094 || 2044 [ uag 0.1531| 2072 125 -0.1304
2017 | uda'l) 0.4234|| 2045 | 30 0.1996|| 2073 | 115N TN -0.6107
2018 | udads 0.2224 | 2046 |12 0.0701 || 2074|1781 0.4527
2019 | udan 0.4021 || 2047 | 1 0.61811| 2075 [1n0f 0.9324
2020 | uag 0.1119 2048 [ 11 0.4011|| 2076 | AoAnI 0.6578
2021 | Ta 0.6090 || 2049 |1 0.37511| 2077| 13® 0.4532
2022 | Tan 0.6945 || 2050 | 11M3 0.1002 || 2078 | Thee -0.0253
2023 | Tag 0.2677| 2051|214 0.3757|| 2079 |1 0.1232
2024 | Tan 0.2296 || 2052 (214 0.5662 | 2080 |13 0.2426
2025 | Tau 0.0195|| 2053 | 19umu 0.3708 || 2081|1318 -0.1593
2026 | la 0.5253 || 2054|1'la 0.5946|| 2082 | 3o1de -0.9084
2027/ latd 0.3673 || 2055 [11u@ 0.6585 || 2083 [N -0.2486
2028 | laoon 0.1316|| 2056 |1 0.6585 || 2084 |ASNT1 0.4940
2029 |0 0.3776| 2057 | 1w 0.0018 || 2085 | Ande 0.9121
203029 0.0543 || 2058 [ 110 0.3608 || 2086 | find -0.0127
2031|2913 0.1779| 2059 | 4AT12H 0.4030/| 2087 | fa 0.3458
2032|2u 0.4082| 206034 0.5283 || 2088 | A& 0.2396
2033|712 0.0531 || 2061 | 39158 0.5050|| 2089 | NAUIWNT | 0.2453
2034 |10 0.2724 || 2062 | 391 03827 || 2090 | And 0.3618
2035|722 0.2942| 2063 | Ay -0.5637|| 2091 |fa 0.1820
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No. Word SV No. Word SV No. Word SV

2092 | fin 0.4223 || 2120 | DU -0.0592|| 2148 | d2ud 0.6071
2093 [fnN 0.4072|| 2121 | ayn 0.5298 || 2149 [@unN 0.7065
2094 [ 1A HFND 0.8498 || 2122 | &1 -0.0377|| 2150 | U 0.8403
2095 [ 1737 -0.8233|| 2123 [eruiele 0.7159|| 2151 | au1ng 0.6767
2096 | 1w31 19 -1.0850 || 2124 | e/ -0.1537|| 2152 | &2 1.2426
2097 | 1e1H 0.3762 || 2125 [@n W -0.1583 || 2153 | a18911 1.2849
2098 | @nilsn 0.5911 [ 2126 | ey 0.9019 | 2154 | @2338 0.0562
2099 | €4 0.1565|| 2127 | erun23 0.3567|| 2155 | a1 -0.0066
2100 | €4A5 1 0.0702 || 2128 [aula 0.59711| 2156 | aia@ 0.5826
2101 | erasf 0.0315 || 2129 | aifiv 0.1410|| 2157 | @14 0.4865
2102 | &9y 0.7055|| 2130 |rwimeh 0.3394 || 2158 |arel 0.7692
2103 | a9UgY 0.6185|| 2131 | erutia 0.5044 | 2159 | aniy 0.4668
2104 | a4y 0.4509 || 2132 | eruod 0.5606 || 2160 | a0 0.0564
2105 | 99@13 -0.9000 || 2133 | eaing 0.4494 || 2161 | @04 0.3429
2106 | d91a 51 0.8217| 2134 | iy 0.6483 || 2162 |aoU 0.8677
2107 | @@ 0.5484 || 2135 | axipnou 0.3696 || 2163 |01 0.6344
2108 |af 02031]| 2136 ol 0.4009 || 2164 | @oULOU -0.2281
2109 |@ou -0.1582 | 2137 | @AW 0.6018|| 2165 |@oUTIU -0.3721
2110 | @oumsal | 0.6251|| 2138 |aeny 0.4210| 2166 | a2l 0.5101
2111 |@oudi 0.3490 | 2139 | er33%1 -0.3414|| 2167 |erzan 0.2442
2112 | @011iu 0.4153|| 2140| @319 0.7415|| 2168 |@01A 0.8063
2113 | du 0.8433(| 2141 | a9 0.9294 || 2169 4N 0.5674
2114 |du -0.3758 || 2142 [erq1 0.1840| 2170 | dnh 0.3494
2115 |aula 1.1756 || 2143 | aa -0.7085|| 2171 | dnila 0.0434
2116 | duAY 0.2301 || 2144 | 0.2003 || 2172 | nu 0.2278
2117 | duod -0.7218| 2145 | e1@ 0.6153|| 2173 | &4 0.3418
2118 | ey 0.9576 || 2146 | U 0.3759 || 2174 | duna 0.2050
2119 |y 0.8859 | 2147 |a2U 0.1014 || 2175 | danw 0.3877
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2176 | daaron 0.1746 || 2204 | &1 1.0624 || 2232 | gav0n 1.4345
2177 | dayan 0.0569 || 2205 | eau -0.9203 || 2233 | g 0.4139
2178 | dn -0.1411 || 2206 | %9 -0.1573 || 2234 | g1l 0.4870
2179 | dad -0.4889 || 2207 | Aty 0.6805|| 2235 | -0.1818
2180 | dad -0.0331 || 2208 | d1¥ln -0.0005 || 2236 | ¢ 0.5051
2181 | dausn -0.5804 || 2209 | 61579 0.2943|| 2237| g4 0.7453
2182 | du 0.0945 || 2210 |d50 0.7614| 2238 qqeﬁu 0.3572
2183 | §u 0.2244| 2211 | d1i50 0.0860 || 2239 | g3ga 0.2257
2184 | duau 0.1085|| 2212 | @ 0.6405 || 2240 | gayire -1.5741
2185 | dunual 0.3286| 2213| @4 0.4982|| 2241 |qu 0.2394
2186 @1 0.2662 || 2214 |@n5 0.4696 || 2242 1@ 0.2217
2187|@1na 0.5921 || 2215 | & 0.3499 || 2243 |1&u 0.4279
2188 @191 0.5028 || 2216| AU 0.7609 || 2244 | 1@ U0 0.7217
2189 | A5 150U 03147|| 2217| Aud -0.3636 || 2245 [1ruenth 0.0216
2190 | a5 0.6401 || 2218 | AUz 0.4159 || 2246 | 1@ 0.0443
2191 | a1 -0.0819|| 2219 | &y 0.5217|| 2247 |1@u© 0.7609
2192 |1 -0.4886 || 2220 | @ 0.6385 || 2248 130 0.6104
2193 | et -0.7260 || 2221 | @ -0.0499 || 2249 |raF 18 0.2861
2194 | d1 0.4409 || 2222 | &V 0.2633 || 2250 [1a5W 0.7677
2195 | ginf 0.6753|| 2223| #e 0.3332| 2251 |13 0.4552
2196 | @159 0.6360 || 2224 | & 0.5761|| 2252|130 0.4303
2197 | &1 0.2430]| 2225 | q -0.4879 | 2253 |1en 0.2738
2198 | 1o 0.2998 | 2226 | guA N 1.3752|| 2254 |1de -0.3358
2199 | d1891 0.3474|| 2227 | qnf -0.9447|| 2255|189 0.7546
2200|915 -0.3260 || 2228 | q93¢0 0.5331 | 2256 |1 0.1713
2201 | enstia 0.0336| 2229|qa -0.0299 || 2257 [1@BIqU 0.3087
2202 | €15187 -0.5440|| 2230 q¢1§q -1.3414 | 2258 | 1@ved0 -1.1226
2203 | ®15 0.1732 || 2231 |ganio 0.0055 || 2259 [1ela -0.9000
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No. Word Sv No. Word Sv No. Word Sv
2260 | 178N -1.07211] 2287 | ue91u 02512|| 2315 | niju 0.2765
2261 | 1F8¥0 0.2382 || 2288 | viu® 0.0923 || 2316 | iy 0.6595
2262 | 1@eAeY 0.3140 || 2289 |itiog 0.5745|| 2317 | ny 0.5142
2263 | 1@en 0.3423 | 2290 | %1in 0.1488| 2318 11y 0.3756
2264|178 -0.0219 (| 2291 [wirinuAuAY | 0.3465|| 2319 | najiiu 0.2697
2265 [1@enan 0.4069 || 2292 | 11i4 0.2815|| 2320 | vien 0.3934
2266 | 1oAY 0.3731| 2293 | wiiade 0.5029| 2321 | vign 0.2104
2267 | 1@eMeY 0.1416 || 2294 | vun 0.4002 || 2322 | %50 0.2262
2268 |17 0.4927 || 2295 [11h 0.3050 || 2323 | vison 0.2050
2269|1710 0.5926 || 2296 | nidu 0.1389 | 2324 |11 0.4622
2270 | 1390 0.6227 | 2297 | nhen 0.4914|| 2325|150 0.3141
2271 |10 0.0490 || 2298 | uThn 0.2657|| 2326 |vi50 0.2615
2272 |uaa -1.0322 (| 2299 | %117 0.3147|| 2327 | vyeulan 0.2595

UEAAIAIN 2300 | il 0.1339 | 2328 |50 'lu 0.5530
273|_ 0.2094 5 —

Aaviu 2301 | %l 0.5404 || 2329 | %50 lin 0.1601
2274 | AR N 0.5140| 2302 | nila 0.2578 || 2330 | 5084 0.3532
2275 |dA300ON 0.7437| 2303 | nyu 0.6985|| 2331|307 0.4345
2276 | e 0.2329 || 2304 | H1ju 0.5993 || 2332 | g 0.8477
2277 |ueudu -0.0297|| 2305 | vy 0.7050|| 2333 | viaq 0.4497
2278 | 1a 1.1095 || 2306 | iy -0.1867 || 2334 | viau 0.2806
2279 | la 0.6961| 2307 | viue 0.4032 || 2335 |via24 0.6218
2280 lala 0.6023 || 2308 | iuadn 0.3183 || 2336 |vaane 0.6930
2281 | Tae 0.5271 | 2309 | viuae1Y 0.0437|| 2337|vid0 1.3379
2282114 0.29301| 2310 | o 0.7974 || 2338 | via®n 0.6302
2283 [ Mo 0.2099 || 2311 |4 0.3618 || 2339 | viasu 0.4352
2284 | WA 0.8363 (| 2312 |nun 0.2837|| 2340 | viaz 0.5335
2285 | iUl 0.3378 || 2313 | nune 0.4549 || 2341 |viaz 0.3881
2286 | 1178 0.2116|| 2314 | 8D 0.6384 || 2342 |vian 0.4167
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2343 [ nangu 0.5660 || 2371 |11 0.1942 | 2399 |1MaHA 0.2807
2344 | a4 0.4100/| 2372| ¥ 0.5051 || 2400 | 1311 -0.0717
2345 | 1a991N 0.2575|| 2373 | M0 0.5551 || 2401 | Wiuun 0.3258
2346 | iau -0.4045 || 2374 | mnu 0.4635 || 2402 | A 0.1105
2347 | Ay 0.3154|| 2375 [W1Au 0.2716 || 2403 [#iula -0.6288
2348 | viany 0.6470|| 2376 | 11 0.3668 || 2404 Wiude 1.0454
2349 | Hanuasa 0.0791 | 2377 |¥a 0.2490| | 2405 | Fiun N -0.8439
2350 | Ha100819 0.7252|| 2378 | H1dU 0.4901 || 2406 | 1111187 0.8265
2351|119 0.3286 | 2379 | 1IN 0.5151 | 2407 | 11itle 0.6262
2352|119 0.5853|| 2380 ¥ 0.5358 || 2408 | miioe 0.1526
2353|110 0.8196 || 2381|118 0.1979 || 2409 | 131 -0.3949
2354|110 0.1131] 2382 [v1ela -0.3006 || 2410 |13 0.1056
2355 | Masuan 0.1731|| 2383 | ve 14/ 0.4300 || 2411 |11 0.0672
2356|1139 0.5561 || 2384 | 1113 0.6112| 2412 | 1wiue 0.7818
2357 [ 1IN 0.2358| 2385| mi3eq 0.3989| 2413 | iz dw 1.4707
2358 1171 0.1463 || 2386 [ 1M 0.2827|| 2414 | wilou 0.4568
2359|104 0.2179 | 2387 | 0.1404 || 2415 | ilounuU 0.1301
2360 | oY 0.3248 || 2388 [1i2 -0.2020 || 2416 [imilouny 0.0095
2361 |#n 0.3534 | 2389 | ¥ -0.4914 || 2417 [ milowAy 0.8325
2362 | ¥ 0.4754 (| 2390| # 0.2354 | 2418 [1ideL 0.1545
2363 | UM 0.7217|| 2391 | #i# 0.1547|| 2419 | it -0.6174
2364 | ¥ 0.0349|| 2392 | ju 0.6792|| 2420 | 1¥i50 0.3260
2365 | ¥ 0.5512| 2393 [qu1n 0.0795 || 2421 | Wiy 0.5444
2366 |19 -0.1959 || 2394y 03718 || 2422 | @ 0.0462
2367 | Hus1e 0.2190 || 2395 |1 0.1436 || 2423 [ian 0.0579
2368 | Wanih 0.3345|| 2396 | 1fia 0.2486|| 2424 | 0.0127
2369|1190 -1.3696 || 2397 | 1119 10.3575 || 2425 | maihs 0.3297
2370 | 11 0.5596 || 2398 | 1IN0l 10.9552 | 2426/ imanit 0.3565
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2427 [1iau -0.2814/| 2455 | il 0.6315 || 2483 |13 1.0313
2428 | 1viaon 0.3443 || 2456 | 1nai 0.5705 || 2484 | 08 0.3486
2429 [11a® 0.5131|| 2457 | 1fesy 0.1146 || 2485 081N 0.3165
2430 [tmavIny -0.1904 || 2458 | 1¥ioon 0.5078 || 2486 | 081NV 0.0242
2431|104 0.6178| 2459| 1 Tomar 0.3775|| 2487 |eenn1a 0.9005
2432 |11f0 -0.3108 | 2460 | 1w 0.5192| 2488 | oennuiu 0.1170
2433 | iog 03903 || 2461 | 13 0.1296 || 2489|0010} 0.4501
2434 111 0.5989 || 2462 | lviu 0.1154 | 2490 | 0814 -0.1159
2435 | 1Mo U 0.2277| 2463 | v 0.5363|| 2491 |athsd 0.6639
2436 | 1o 0.7202 || 2464/ ‘lva -0.3617|| 2492 | 08131AE" 0.3218
2437|iiie -0.9000 || 2465 | 1112 0.3800/| 2493 | aeiarioe 0.6528
2438 | Lt 0.4297|| 2466 | 1v3 0.1493 || 2494 | grariu 0.4151
2439 | uw 0.5717|| 2467 |0 0.46601| 2495 | 06141} 0.4180
2440 | 1110 0.2188|| 2468 | 0Ad 0.6229 || 2496 | 081984 -0.0828
2441 | u1inA1 -0.0086 || 2469 | 9ft 0.7714|| 2497 |pe4ls 0.0744
2442 | 1IN4 0.5875|| 2470 | 94FiN3 0.1115|| 2498 | pg190U 0.8436
2443 | 1Y 0.5208 || 2471 |o@ 0.1699|| 2499 | aen & 0.3724
2444 | 0.5098 || 2472 | oAy 0.2126 || 2500 | 08111 0.6161
2445 | uvia 0.3839 | 2473 [oanu 0.3674|| 2501 | pEnaw 0.7871
2446 | uviag 0.5623 || 2474 | 0fn 0.4480 || 2502 | ¢ 0.5064
2447| v 0.3035 || 2475 |85118 0.0156| 2503 | 0 0.4187
2448 | T -0.2796 || 2476 | oU1AA 0.5129| 2504 | g 0.2991
2449 | Tviase -1.2901 || 2477 | o1y Tumin 0.9749|| 2505 | g lu 0.4341
2450 | Triu -0.0694 || 2478 | oU 0.3345|| 2506 | 0508 0.8862
2451 | 1% 0.2507 || 2479 | ou5U 0.4213|| 2507|830 0.0181
2452| Iimdale 0.4137 | 2480 |0n 0.1730 || 2508 |09 0.5481
2453 | lvigy 0.6004|| 2481 | oAiANT 0.1118]| 2509| 82w 0.4172
2454 | 1M 0.8045 || 2482 [ou 0.3966 || 2510|078 0.2852
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2511 |09 0.2842 || 2539|011 -0.0371 | 2567 |9 -0.0766
2512|890 0.4877|| 2540 |01 0.5779|| 2568 | gAML 0.6843
2513|000 0.5045|| 2541|818 0.2285 || 2569 | gliAMe -0.5591
2514|9909 0.3024 || 2542|071 0.2008|| 2570 |guns -0.5691
2515 |oon 1y 0.6673 || 2543 | @133l 0.0256| 2571 | du 0.1435
2516|0011 0.3680|| 2544|817 0.1124(| 2572 |1® 0.6106
2517| 99U -0.0707|| 2545|0175 0.6353|| 2573 | 1ONFU 0.0068
251802 0.5553 || 2546 | 01910 -0.0370 || 2574 [toneNs -0.0886
2519| 9 0.4708 || 2547|0113 0.8697|| 2575|194 0.3829
2520|0258 0.0363 || 2548 | 61 0.4225 || 2576|184 0.2755
2521 |0z'ls 0.1030 | 2549 | 91119 0.8724|| 2577|109 0.3326
2522 | 02 'l51ths 0.1904 || 2550 |99m1 0.8521|| 2578 | 109 -0.0086
2523 | 09nq Y 0.8753 || 2551 | D 0.5388 || 2579 |18% -0.0060
2524|909 0.1466 || 2552 |Darse 0.0235 || 2580|189 -0.0570
2525|9U 0.2248| 2553 |00 1.3504 || 2581 |18 0.0886
2526|9UAT1Y 0.1901 || 2554 |9 0.3229| 2582|190 0.7462
2527| Sl 0.5959 || 2555 N 0.2289 | 2583 190 0.4339
252891 0.2751 || 2556 |onAU 0.2173|| 2584|190 0.3876
2529|901 03432|| 2557 |3 0.4275|| 2585|1020 0.3402
253001713 0.0095 || 2558|8nee 11/ 0.1301 || 2586|101 0.5380
2531 |01me 0.1906 || 2559 |9n% 0.2941 || 258718 0.3083
2532|814 0.6208 || 2560 | 8n laiuu 0.08311| 2588 |181AW 0.3686
2533|8194 0.0915 || 2561 | Bnud -0.0458 || 2589 [101AU 0.1344
2534|019 0.2749 || 2562 |9nviLoy 0.3263 || 2590 191934 0.4242
2535|0199 0.3894 | 2563 | 0@ -0.0136/| 2591 10118 0.6929
2536|010136 0.6362 || 2564 | D@11 0.8897 | 2592 [10119%578 0.8211
2537|913 0.6380/| 2565 | B 0.7476|| 2593 | 1919 0.1656
2538|0108 0.5547 || 2566 | 0w 0.3978 || 2594|1017 0.2601




No. Word SV No. Word SV
2595 | utfFeu 0.4128|| 2623 180 0.0978
2596 |191AA 0.0053|| 2624 180 -0.1224
2597|1913 0.7080|| 2625|(5 0.3962
2598 | 1911304 20,0176 || 2626|130 0.1744
2599 11aY 0.0824

260010113 0.5436

2601 |19 0.3917

2602 | 1913 0.3423

2603 | 1984 0.0858

2604|110 0.0356

2605 | 1oL 0.6133

2606 | 1o 0.3908

2607 | 1o 0.7485

2608 | 18 0.3009

2609 | Tamel 0.3861

2610 | Totn 0.8292

2611 | 18 -0.1890

2612 | lo 0.0840

2613|'18 -0.0016

2614 18904 -0.5676

2615 | 181h -0.4081

2616 | 18123 -0.4075

2617 |82 0.4089

2618| 0.8011

261981 0.6022

2620|315 0.7448

2621|184 0.7353

2622 | 189978 -0.0789
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Appendix E

News Article Sentiment Dictionary
The news article sentiment dictionary that constructed by SO-PMI-IR algorithm with
“NEAR” operation from 172,189 news articles (Approximately 85,000,000 words).
Polar: Polarity value
P: Positive
N: Negative

NE: Neutral
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No. Word Polar || No. Word Polar || No. Word Polar
1{nna 28| NIZUAU) N 55(MINTLIMN N
2|nA N 29| NFUNW N 56 MM N
3| nQre N NFANW 57 | msudifam N
4| ngrne N 0 UHIUAT N 58| MILAITU NE
5| naau N 31|ndedreesta | N 59| MIAIL N
6|nAm N 32| nauthu N 60| M3M N
7| nde N 33| nédn N 61 |mswdoulna| N
8N N 34 [nanny N 62 | MITUNW N
9|nu N 3581971 N 63| M3l N
10| ng N 36| nanIm N 64| M3l N
11| n3ngau N 37 nan Tviu N 65| MIAUN N
12| nydl N 387 P 66 | Miaog N
13| n3dii N 39|t N 67| Msneuiien N
14|30 N 40|03 N 68| N13U1 N
15|n35u N 41| nNoIMaY N 69 | MIUINT N
16| NITUMS N 42 | NoINN N 70| M3dnases N
17|n30U N 43| PRINNUN N 71| M3qiia N
18| nszdu N 44| fouii N 72| msUfzu N
19| N3N N 45| nouiivz N 73 | m3ilszau N
20| nN3ENIN N 46| nouUNTh N 74| M3tleeru N

ATLNIN 47| Aounthii N 3
21 N 75 ' N
una ne 48| Aeada N nlasulag
22 n3giia N 49| notwe NE 76| MIWAA N
23| nsgIn N 50| naling 77| MInam N
24 NTLMHA N 51970 78 [ MINITAN N
25 NITUIUMS N 52|nu 79 [M3yA N
26 |nsuih N 53 | nueeu NE 80 | M35 N
27|nszqu N 54|mMm N 81|M3TNy N
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No. Word Polar || No. Word Polar || No. Word Polar
82 | M3aInNu 110 | fedo N 137 | v93nand N
83| MsANEN N 111 |1heoy N 138 |v03In0Y N
84| My N 112 |un N 139| Yornan3a N
85| Msuand N 13| ud NE || 140|veTny N
86|Mnise N 114 [1tpusin N 141 | doya N
87|AM N 115 [udifym P 142 | UD1AUD NE
88 [Madle N 116 |1ngu N 143 | 901 N
89| MnuA N 117|uin N 144 | Tauda N
90| fviuale N 118 1n N 145 41 N
91|f N 119]1nd NE || 146|duneu N
92| a3 NE || 120|1ndiAeq N 147 |9y N
93| nlawns N 121 | Ina N 148 | uindeon N
94 |nu N 122 | vaug N 149 | 9139 N
95| NUAWUT N 123 | vauziRednu N 150 (11 NE
96| 1)a N 124 |1 N 151419 N
979 N 125 [vina lvigy N 152 [anih N
98 | A1 N 126 [ v N 153 (119 N
991 N 127 | yuIums N 154 |93 N
100/ 1711 N || 128]vuy N || 155w P
101 103 P 129 |veny N 156 | 91319M3 N
102 10354 N 130 |venewa N 157 |1 N
103 1NyAS N 131N N 158 |91 N
104 1A P 132| 90 N 159|412 N
105 |1y N 133 | 98na13m N 160 | 117a N
106 | 1AM N 134 | v9UDUAM N 161]% N
107 1Ay N 135|90AY N 162| 4 P
108 | 1N85A N YOAI 163 | a1l N

. 136], . N 3
109 1INy N 5Iil0 164 | VU350 N
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No. Word Polar || No. Word Polar || No. Word Polar
165 eﬁu@g' il 191 AW N 218| ANWHA N
166 | 1U9 N 192 | ASOUATOY N 219 ANUNeNey | N
167 16118 N 193] %3 N 220| anundou N
168 |1 N || 194k N || 221 anwsiung N
169 |11 14/ N 195| a%ail N 222 | AnuIINie N
170 | 1wy NE 196 | AFU P 223 | AN NE
171 |181393 N 197] A3 N A

- 24| N
172 | 1o NE || 198|na0q N SUAAYOL
173 |19 N 199 | A1l N 225 | ANUFUUI N
174 | U354 N 200 | Ad N 226 | A3 N
175 | By N 201 | AN N 227 |Anwidn N
176 | 129 N 202 | AIVANAD N 228 [ANNGE) N
177 |9 N 203| A3 P 229 | ANNAIL N
178 | Aa N 204|159 N ANNEIL

. 230(, N

179|Anenssums | N 205 A N 580500
180 | ABIZiIIU N 206 | Al N 231 | anuduniug

AMZTNY 207 | ANuAa N 232 | ANUANTD
181 | ANNAIY N 208 | ANuAALTTY N 233 | Anudngy

UHITA 209 | ANNAVHIN N 234|ANNYY NE
182| A% N AU 235 | ANTHY N

- 210 N

183 [ AUTY N naeun7 236 | A N
184 | AUAY N 211 | AN N 237 | ady N
185 AUA N 212 [ANusEman | N 238|190 N
186 | Au51e N 213 [ Arneiiy N 239 Aoy N
187 | Auas N 214|anufendou| N 240 Az p
188 | At N 215|ANNABINT N 241 | AzUUU N
189| A3 N 216|aAnuiaoans | N 242 | Aamu N
190{ A5V N 217 | anuilusssu| N 243|m N
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No. Word Polar || No. Word Polar || No. Word Polar
244| N 272 | u P 300 [uni N
245|M N 273| TAsams N 301 |91 N
246 | 1910 NE || 274|Taseardn N || 302|3unu N
247 |MA N 275 | ai N 303 [ N
248|108 N 276| Tann N 304|101t N
249 |1 N || 277]4 N 305 | 1P N
250| o N 278 |9d N 306 91081 N
251 |f101W N 279 |41 N 307 9108U N
252| A N 280 | u1lszuna N 308| N
253 | i N || 281]aw P || 309|1a N
254 g P 282|418 P 310|910 N
255 |Au N 283 [ [quan N 311 |3 1UuNn N
256 | AN N 284/ idou'ly N 312 | Swaunile N
257| A N || 285]% N || 313|5uiludes N
258 | ANATON N 286 | 3UNTEN N 314 [31ag N
259 | AU N 287|3UnN N 315|311y N
260 | 9© P || 288[auld N || 316|3n N
2611 NE || 289|vwidlu N || 317/3aT N
26210 N 290 | Ul N 3189 N
26318 N 291|3W N 319(2u NE
264 17389 N 292 98y N 320 (9@ N
265 lﬂ%’f]"ll"lfl N 293199199 N 321 (LU N
266171304 N 294|909 N 322|105 N
26730981 N 295|903 N 323|193 1Y N
268 1n304iT N 296 | 3917 N 3241 N
269 |InAe N 297 |3ania N 325191004 N
270 |inaeulua N 298| IANINTTU N 326 | 191917 N
27115 NE || 299|3a%h N 327| i N
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No. Word Polar || No. Word Polar || No. Word Polar

i 355 |4 N 383 |41y N
38| N - .

#1379 356 |11 384 |4 N
329110 na N 357|918 N 385 | % N
330|1an N 358 [¥19ANHA N 386 | & N
331| R N 359 | ¥11hu N 387 |40 P
332 | u39ny N 360| ¥ N 388 | Ty N
333|139 N 361 |5 N 389 | TyiBoa N
334 | Taw@ NE || 362|304 N 390 | @ N
33519 P 363 | Fuwn N 391 1l N
336|219N N 364| Hosis NE || 392|§u N
337 [1mne N 365 |49 N 393 | N
338| ¥ N || 366|gaduain N || 394|wsed N
339 [¥u N 367 | guwY N 3959 N
340 | yu N 368 | UYL N 396 | A5 N
341 | ¥ia N 369 | N 397 (AU N
342 | %a1j3 N 370 | 15UAGINDY N 398 | AeAU N
343|998 NE || 371wl N 399 (@287 N
344 | ¥391001 N 372 | 1%9 N 400 | A9 P
345|971 N 373 |10y N 401|A3na1" N
346 | ¥101100 N 374 15ouTog N 402 | fail N
347 | 04N N 375 | s N 403 [ AU N
348 | w01 p 376 | lwAa N 404 | a1 N
349 | ¥n N 377 | Tos3 N || 405|am N
350 |4 N 378 | 1% P 406 | Muni N
351| ¥ N 379| 191an N 407 | MUHA N
352 | H2051 N 380| 1961110 N 408 | Q151 N
353 4T N || 381w N || 409|d N
3549 N 382 |1 N 410| Ay N
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No. Word Polar || No. Word Polar || No. Word Polar
411 | AuHUMNS 439|180 N 467 | A9 N

412 | Auiiund N || 440|a N || 468|aod N

413 [ Auiuau N 441 |@n NE || 469|@als N

414|M3dumie | N 442 | anly N 470 éiy”a’agj N

415 | Au N 443 | anih N 471 | Aaaule NE
416|9 P 444 | anag N 472| AU N

417|@anMN P 445 | @ N 473 | @anu

418| vy NE || 446|an N || 474|602

419|@la N 447|du N 475 | dua NE
420|949 N 448| a3 N 476 | 104 P

4219 P 449 @134 N 477|an N

42219 N 450 | 590U N 478 | A9 N

423 |19% N 451 | @390 N 479 | aatlszimne N

424 19@iid N 452|03529 N 480y N

425 [iaunih N || 453|a379du N || 481|amwnguine | N

426 | 119 NE || 454|a579@00 N 482 | N

427| Tau 455 A5 N 483 | muina N

428| Tage 456 | naon N 484 M1 N

429 | Tagtaniy NE || 457|aaoadu N 485 | ang N

430| Taei3a N 458 | @@ NE || 486|é N

431|'1dun N 459 |an N 487|fmua N

432|349 N 460 |70 N 488 /1579 N

£33 |'147 N 461|Aoam N 489 | AU NE
43418 N 462 | o N 490 | @ N

435|853 N 463 | Aousy N 491 |finno N

436/ lagu N 464| doriiog N 492 | Aaau N

437|185 U N 465 | a0l N 493|@ N

438 1d5011A8 | N 466 | A0 N 494 | qanul N
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No. Word Polar || No. Word Polar || No. Word Polar
4959 523 | nu N || 551|MTan N
496 | 91503 N 524 | NUEAY N 552|Mm N
497 1@ N 525Ny N 553|119 N
498 [ LIANATY N 526 | NUNIU N 554| N1ap13LieY NE
499 [ IANAY N 527 | nwoy N 555 N19Au N
500 [ 11619 N 528 [n3ng N 5561w P
501 | usana N 529 | nSndan N 557 | Munan N
502 | usiag N 530|N31U N 558 | e N
503 | usodala NE || 531|nswie N 559|113 N
504 | Tn Tefn 532 N3N N 560 vanunle | N
505D 533 | N¥i1g N 561 | 1@ N
506 | D@y 534|043 N 562|111y N
507|919 535 | #oadu N 563 | i1l N
508 | 213 NE || 536|veouiien N 564|518 N
509| 91D N 537 [ nziou N 565 | mthn NE
510| a1e31) N || 538wz N || s566|vhezls N
511(9199 N 539 | nziay NE || 567|9nd N
512|Fadu N 540 [ N 568 | AN N
513|000 N sa1 |wai) N 569 | iRau N
514| doiflu N || s42|Waees N || 570|fiReme N
515|gn P 543 | iy N || s71|fiReadestn | N
516|991 N 544 Wanua N 572 | fiae P
517|gndes N || 545[vud N || 573|7du NE
518 1w N 546 | NU NE || 5747882 N
519|10ad N 547 | NN N 575 | i N
520 [1p@IMsal N || s48|4 N || 576|dign N
521102912 N 549 | ilszime N 577| fine N
522|m N || 550|721 P 578|fuies N
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No. Word Polar || No. Word Polar || No. Word Polar
662 | Tu 690 |11 N 718 [ 1509004 N
663 | Tuvaen N 691 |1n N 719 |15¢ N
664 | Tuvagll N 692 | 11U N 720 |152nOV N
665 | Tu929 N 693 |1 N 721 [1sznoudie N
666| Tun1a N 6941 N 722 | 15gms N
667 | Tunge N 695 |10 N 723 [sgmet N
668 | Tuthu N 696 1jn N 724|3g N
669 | Tuilszima N 697 | 1ynna N 725 [15z911) N
670 | Tutlagaiu N 698 |11y N 726 |59 N
671 | Tuiiun N || 699|yns N || 727|dsgndidad | N
672 | luiiinq N 700 [\ N 728 [Uszmnduius | N
673 | TuTan N || 701[iDesdu N || 729[dszam N
674| lusuan N 702 | 111)9 N 730 |1521f1 NE
[~
675U N 703 | uiaifu N 731|529 N
676 |UN N 704 | U p 732 | szine p
677|1Un N 705 | T N 733 [5Emeu N
678 | UNUN N 706 | luwai N 734 | szmamnd N
6791399 N 707 | N 735|Uszam N
680 | U5581MIA N 708|1/nAs09 N 736 | sz N
681|1UTHN N 709|1/n@ P 737 | szu N
632|108 P 710 |1niloq N 738 | 152 Totl N
683 | 1y N 711 [iia N 739 (15290 N
684|103 NE || 712]1g1iams N 740 [Usziamans | N
= Aa oA a 4
685 [1JuNN N 713 | 11iaa N U38303 291
— 741 N
68611 N 714 | UQias N REELN
687 119131 N 715 [Unusiil N 742 [Uszaumsel | N
688 | LNALLHE N 716 1)1 N syan
743 ) N
Y [ o
689 | TNUWA N 717 1)1 N ANNFUTY
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No. Word Polar || No. Word Polar || No. Word Polar
744 | Usza 772 AhudszTond | N || 800| Wy N
745 sz N 773 | flutaym N 801 |wa N
746 |15V N || 774 @ N || 802|wansznu N
747 [ U5 U9 N 775§l 16 N 803 [ WA 91U NE
748 13109 N 776 |1 lla N 804|watlszowi | N
74915109 N N 777 [§lug N 805 | HANAY N
750 | 51wl N 778 | luszoe N 806 | Ha@ N
751|131 N 779 | dlundn N 807|wo N
752 U3nmn N || 780 |fluving N || 808|mu P
753 |1l N || 781 | fhumgld N || 809|ds N
754|1/an NE || 782|ifluedhed N 810 | HANQHY N
755 |10 N || 783 |nfSeuidiey N || s11|dau N
756 |1la N || 784 ulfeu P 812|gvans N
757| floanu N || 785 [uldsunilag N || 813|dwe N
758|930 N || 786|nlefidud N || 814 |dyuyu N
759 | Ty P 787 | whwune N || 815|dld N
760 |1 N || 788[iladn N || s16|dTaoens N
761 |1n N || 789|idlawme N || 817|ddesm N
762 |1l N || 790| Ao N || 818|dme N
763 | 1l N || 791| Tlau NE || 819[¢ih N
764 11U Po|| 792/1g N || 820|duins N
765 | 1iluainn N || 793 |4 N || 821 |divdutiyn | N
766 | 1lunu NE || 794 |1/ N || 822|dimns N
767 [fludves N || 795|Tudd N || 823|dszneums | N
768 |1l N || 796| T N || s24|dihe N
769 |1l N || 797|w N || s25|ddeun N
770 [l N || 798| N || 826|dideTin N
771 | Fugh N || 799|mun N || s27|didove N
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No. Word Polar || No. Word Polar || No. Word Polar
828 | Ing) NE || 854/ wioun N || ss2|fug N
829 | {61183 N 855 | wouny N 883 | Wu N
830 |fou N || 856|wiounne N || 884[wano N
831 | MBS N 857 | nZous N 88519 N
832 | uwu N 858 | M3 N 886 | I3 N
833 | Hlu N 859 | N3¥03A N 887 | m31zaziiy N
834 | Hluan N 860 | W3zLoN N 888 | iy N
835 |ilq N || 861|ngdAnssu NE || 889 rituiu N
836/|fho N 862 | neuAInY N 890 | 1Ay N
837|fheduaiu N 863 | a N 891 | 1ieaun N
838 |1 N 864 | natiieq N 892 | 1ileaue N
839 [ N 865 | NA4 N 893 [1NEND N
840 | nf N 866 | Na1a N 894 1ftouthu N
841| W9 N 867 | WINL51 N 895 | vite 1119 N
842 | wadl N 868 | Wet N 896 | LU N
843 | WilnU N 869 [ WouL N 897 | L4 N

winau 870 | wo A5 N 898 [ wnd N
844 N - '

AoUAIU 871| W4 N 899 | L3 N
845 | Wy N 872 [vimun NE || 900|Tnad N
846 | W NE || 873|viug N || 901 |4 N
847 | Wenu N 874| i N 902 | o3 N
848 | Wounang I | N 875 | M1san N 903 | N
849 (N3 N 876 |1y N 904 | 1yl N
850 | WU N 877 | W5 N 905 |l uAd N
851|w3sAMILies | N 878 | Wiy N 906 | 11 NE

W33 879 |Wgl N || 907|a
852 N ;

Ysznsilad 830 | NE || 908|n358n
853 | wssauitelng | N 881 M1 N 909 | A& N
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No. Word Polar || No. Word Polar || No. Word Polar
910 |M 938 | WD N 966 | Hau N
911|mald N 939 [ MDUHNY N 967 | HAIUT I N
912 | MAsy N 940 | won 1w N 968 | A N
913 | mMAmile N 941 | %in N 969 | 181119 N
914 | NN N 942 [1inve NE || 970|nuToma NE
915| N1 N 943 | 1iu P 97134 N
916 | mMwilsznou N 944 |11 P 972 [3janih N
917 | N5 N 945 | 110N1Y N 973 | 31 N
918| neld N 946 | MNOU N 974 yyann N
919| ey N 947 | 110 N 975| yails N
920 | NENAY N 948 | M1A1T N 976 |11 N
921[n15N9 N 949 | 110N N 977 | a3 N
9220172 N 950 [M1AT1 N 978 118 NE
923 | N 951 [ 1183 N 979 1l N
924 | 9iinA N 952 | ATy N 980/ ifo Fud N
925w N 953 |31ud2 N 081 |1ijerran N
926 | UNTIAN N 954 (1 N 982 | 113 N
927|un N 955| Tnuia N 983 | uzioz N
928|14A@ N 956 | ANV N 984 | uifua N
929 |1 N 957| i N 985 | ugin N
930 | uyud N || 958|%in N || 986|Tu N
9311 N 959 | e N 087 1af N
932{ %29 N 960 | W1laywin P 988 | laif N
933 |WIaru NE || 961|iina NE || 989 lsinu N
934 | UM N 962 | 1t N 990/ linoy P
935 | uM¥U N 963 | Tiu@ N 991 | 1ai'la%5y N
936 | UM1INGSY N 964 | Tli304 N 992/ a4 P
937 |wB31 P 965 | 1ign N || 993 ludeanis N
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No. Word Polar || No. Word Polar || No. Word Polar
994 | Taignn 1022 | ¢4l N || 1049]5 N
995 | lunsu N || 1023 ] 98y N || 1050|smus96 N
996 | Tainiu N 1024 | &1 N 105159 N
997/ 'lxivh N || 1025]en N || 1052|350n320Y N
998 | Taj1i N || 102614 N 309U

, : 1053 N
999 | Taiw N || 1027|871 N gUA
1000 | lainela N | 1028|810 N || 1054| s00ud N
1001 | T lag N || 1029 |guanaa N || 1055|510 N
1002 | 1351 N || 1030]én N || 1056 |5W N
1003 | T3 N [/ 1031]84 N || 1057]5w N

[ I~ Aa o Jd Aa
1004 "lmmzn]u N YIANHM BU 1058|311 N

— 1032 _ N
1005 | Tadiviu N a5 1059|359 N
1006 | laitFiud e N || 1033]8ud N || 1060|3205 N
1007 | Tz aw N || 1034|8vi0 N || 1061|590 N
1008 | 1315 NE || 1035|d9 N || 1062 ]52m0u N
1009 | lajog N || 1036|8u N || 1063]359um N
1010 & N || 1037]8u N || 1064 |52m97u N
1011 | gnian N || 1038|8udu N [ 1065|5210 N
1012 |84 N || 1039|gn N || 1066|5a N
1013 |oud N || 1040 N || 1067|509 N
1014 & N || 1041|gAsssM N || 1068|309 N
1015 | o N || 1042| gnsenans N 594

1069 o . N

1016 | g9a N 1043 Q N u'lf]ﬂighu@]‘i
1017 | go1 N || 1044 |18u N || 1070|5091525 0 N
1018 | g0 N 1045 | 1002 p 1071 |5049509 N
1019 | gousu NE || 1046 | @e N | 1072|30ai56u N
1020 | 82 1047 | 1en N || 1073|3ou N
1021|8909 N 1048 | T N || 1074|508 N
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No. Word Polar || No. Word Polar || No. Word Polar
1075| $0e123 N || 1102]5v1l5En0 N || 1129|530 NE
1076 | 3231 N || 1103|SurayoU N || 113031 N
1077| 5za% N || 1104| 50509 N || 1131 3duny N
1078 | 52AUg4 N || 1105|505 N || 1132]159 N
1079 | 3201 NE || 1106 |Sua1smn N || 1133] 159071 N

JYUOU 110731 N || 1134[151 P
1080 N .

dszsilae 1108|5101 NE || 1135|Gudu N
1081 | 521 N || 1109|3198 N || 1136|580 N
1082 [ 32171 N TN 1137|iFon¥oq N

— 1110 _ NE —

1083 [3211A N FYBIIUYY 1138 | Gonn NE
1084/ 521181 N || 1111]509 N || 1139|Foud N
1085 | 520A3239 N || 1112|5193 N || 1140|5evden N
1086|320 N [ 1113|518 N || 1141|Gevdeonan | N
1087 | 3281701 N || 1114]518m3 N || 1142]i50 N
1088 [ 3239 N || 1115518910 N || 1143500 N
1089 31 P || 1116518011917 N || 1144 |ussu N
1090 $n3 N || 1117]5189106 N || 1145|175 N
1091 [ FNHINT3 N || 1118 |510%0 N || 1146| T3 N
1092 | 1167 N || 1119|57018 NE || 1147 Tsawenina N
1093 |35 N || 1120 |51wazi080 N || 1148 T5ausu N
1094 | §353 50Uy P || 112151 N || 1149|150 N
1095 | §g1l5zms N [[1122]5 N ||1150] 15 N
1096 | S3UUA3 N || 1123]5u N || 11s1]13 N
1097 | §gera N || 1124|5uauu N || 1152]q N
1098 | 51 N || 11253 N |[1153]a N
1099 [ a1 N || 1126|530 N || 1154|aanu N
1100 | §uuds N || 1127|594 N || 1155|asIny N
1101 | FUNI1 N || 1128]guuse N || 1156]|agu N
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No. Word Polar || No. Word Polar || No. Word Polar
1157 | aaituii 1185|gnen? N || 1213] Send N
1158 |21 N || 1186]1@ N || 121458 N
1159 | agile N || 1187]1@niles N || 1215] do5u NE
1160 | anas N || 1188]@% NE || 1216/ N
1161 |aw N || 189]1a0f N | 1217 n9 N
1162 |8y N || 1190 @153 N || 1218 1éne N
1163 |a391h N || 1191]au p | 1219] 91 N
1164 |87u N || 1192]ia8 P || 1220 U N
1165 |80 N || 1193|@n N || 1221|352 N
1166 |a0n N || 1194 ] @ N ||1222|2 N
1167 a0y N || 1195|@0n P || 1223|3nga N
1168 | azng P || 1196|1800 NE || 1224|3a51e4 N
1169| §nual N || 1197]@eu N || 1225301380 N
1170 | apyae N || 1198 |udua N || 1226|3u N
1171 |qu N || 1199 uduaa N || 1227|738 N
1172 N || 1200]la N || 1228|7199y N
1173|an N |[1201]2 N || 1229 3wnE3nsel | N
1174 |21 N || 1202|290 N || 1230]i N
1175 | 81w N || 1203]28 N || 1231]0% N
1176 | 8m11n N || 1204]2 N[ 1232 A led N
1177|ane N | 1205|723 N || 12331314 N
1178 |aga NE || 1206|7550 N || 1234 N
1179 |a100n N || 1207]Fand N || 1235]em N
1180 | a1 N || 1208 [ Iausssu N || 12363 N
1181|@ N || 1209|799 N || 1237| 0@ N
1182|@ N || 1210] Fusuns N || 1238|#a N
1183|8n N || 1211 [ uReanu N Ma

- — 1239/ N
1184 anel NE 1212 3UN N IIDITUYLY
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No. Word Polar || No. Word Polar || No. Word Polar
1240 | 73 N || 1268 | a1y P || 1295 dyan N
1241 A3y N |[1269|@n N || 1296 | drydnwal N
1242/ #n N aniiatay 1297| du N
- 1270 , NE —
1243 |fABN NE LHIA 1298 | @ N
1244 | gud N || 1271 [anjzul N || 1299| §unnel N
1245 1A HFND N || 1272]aw N || 1300]an N
1246 | N || 1273 |auyssl N || 1301 |&na N
1247 |af N || 1274|;iing N || 1302|@1 N
1248 | €9 N || 1275| quaw N || 1303|e1515042 N
1249 [ @9A31 N || 1276] dunFnam N || 1304|e1% N
1250 | &9 N |[1277|d@53m N || 1305| aung N
1251 | aq’ll N || 1278]eq1l N || 1306|d1Any NE
1252 | gaWa N || 1279|@1 N || 1307 | d1uau
1253 | daWansgny N || 1280]@7u N || 1308|d11in
1254 | atawa st N || 1281 ]a@uen NE #11inun
— 1309 N
1255 | aqde N || 1282| d@umiig antseing
1256 | da1a5u N || 1283 |@aw 1310 | @dnau N
1257 | @ N || 1284 |@nq NE d11nu
- 1311 . | N
1258 | @@ N || 1285|evisy N f3IWHITA
1259 | @@ N || 1286 |doandes N d11in
1312 o LN
1260 | #0711 N || 1287|@0v N WINTIUUAT
1261 | @913 N || 1288 |@ounw N || 1313]d1599 N
1262 | a0y N || 1289| aeuaiu N || 1314|d150 N
1263 | @1 N || 1290| aewiu N || 1315|@ N
1264 | g% N || 1291|@zaw NE || 1316|@3ri1au N
1265 | AU N || 1292|dn 1317|@nd N
1266 | dumiu N || 1293 |dana 1318 | @u N
1267 a1 N || 1204] dams 1319| & N
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No. Word Polar || No. Word Polar || No. Word Polar
1320 | @en AN 1375 | Hanms N
- 1348|_ N .
1321 | e N AALHU 1376 | ang1u N
1322 | @ N || 1349|tdu N || 1377 |vas91n N
1323| Fwiiloaan N || 1350| lar N || 1378 ndannii N
1324 | fueu N | 1351 1a N[ 1379 | wdsmmiu N
1325| Fe NE || 1352 |niyaan N | 1380 |ndannil N
1326 | TouraTY NE || 1353 |nu N || 1381|vanvane N
1327 |q N || 1354 |niag N || 1382 wanends N
1328 | 4 1355 | 128911 N || 1383 |vian9310 N
1329 | g NE || 1356|vitipg N || 1384 ] wdnides N
1330( 9 1357 | M1in N || 1385|viga N
1331 g 1358 | 1i4@To N || 1386|119 N
1332| ¢ NE || 1359 |wilsdodiul | N || 1387|u¥an NE
1333 [ g3 NE || 1360 w1 N || 1388|#0q
1334 | gaga N || 1361 |nil N || 13894
1335 [1dUN19 N || 1362] vinauds N || 1390 ¥iuwn
1336 1D N || 1363|%u® N [[1391]%"
1337|1839 N || 1364 | ving N || 1392|219 NE
1338 1% A N || 1365 vunedu N || 1393 |¥mih N
1339 163w N || 1366 | naneds N || 1394 |[¥mihnssa N
1340 | 1F04 N || 1367 | nueay N || 1395|119 N
1341 |1aela N || 1368| ity N || 1396 | #1990 N
1342 170370 N || 1369 |y N || 1397]vma N
1343 | 1@ N || 1370 |n500 N || 1398 |¥1u N
134410 NE || 1371 |v5oulan N | 1399 N
1345 | uaq N || 1372| viaunil N || 1400{ w184/ N
1346 | uaas 1373 | a9 N || 1401| w130 N
1347 | waaa sy N || 1374|vian NE || 1402 |9 N
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No. Word Polar || No. Word Polar || No. Word Polar
1403 | mamsal 1431 oW1AA N || 1458|00numieiu | N
1404 | Fiuvo N || 1432| oy N || 1459 | 00U N
1405 | 1HuAe N || 1433 oynnald N || 1460 |oou'las N
1406 | witle N || 1434|0100 N || 1461 |03ngw N
1407 | itz au N || 1435|091 N || 1462|9891 N
1408 | tmilou P ||1436|00 N || 1463|0u N
1409 | iiloUnNY N || 1437|0819 P || 1464 |oudu N
1410 | 1ilouiAY P || 1438|06191nd%n N || 1465|9uns18 N
1411 | mitle N || 1439 | pd19%aiau N || 1466|8103 N
1412 | man N || 1440 | p8haiAen N || 1467|08ms N
1413 | tnan N || 1441 | 0gaseriioa N || 1468 |01mM3 N
1414 | s N || 1442 | edhadudi N || 1469 |01 N
1415 | WA N || 1443 | 0ehail N || 1470|21013 N
1416 | uranila N || 1444 | pehaunuuou N || 1471|874 N
1417 | uviag N pgatuy 1472|819 N
1445 N
1418 | 1¥ims N N3 1473 | 910921 N
1419 | 1maale N || 1446|0813110 N || 1474|010138 N
1420 Wanwddey | N || 1447|0d1aba N || 1475|013 N
1421 I P || 1448| 0819390152 N || 1476 |ougeu N
1422 | 1¥ioon N || 1449 |9ena3usa N || 14770 N
1423 | Ty NE || 1450|061 lsAeny | N || 1478|801 N
1424 | lvia N || 1451 |ogeazden N || 1479] o15ual N
1425 | o0 N || 1452|9819l N || 1480|9175 N
1426 | 047 N || 1453]0Y P || 1481|017510U N
1427|099 N || 1454 |08321919 N || 1482 | 01Ff8 N
1428 |95 1A N || 1455|900 N || 1483 | odvoy N
1429 | 23110 N || 1456|00n210 NE || 1484|91%115 NE
1430 | oU N || 1457 [o0nuuy N || 1485|6110 NE
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Appendix F

Feature vector of sentiment classification
This table shows the top 1,000 of frequency sentiment word

Freq.: Frequency
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No. Words Freq. || No. Words Freq. || No. Words Freq.
1]AY 131815|| 26|Uszme 38760|| 51|v5elu 28409
2|l 108979 || 27|70z 37044 (| 52| 518911 28370
3% 89664 (| 28|11 35457|| 53| nay 28335
4| i 69142|| 29|wae 33957 541wyl 28028
5| 304 66393|| 30|a529e0U 33635|| 55|ven 27853
6|11 65865|| 31|45y 33435|| 56|01 27499
7| U 60793|| 32|% 32716|| 57|0@n 27090
8| 1a'ld 57667|| 33 |aiu 31922|| 58|50 26795
9|9 55609(| 34|na1nn 31894(| 59|fa 26763
10 [Uszmwu 55096(| 35| Usm 31871 60|q 26506
11| 53884|| 36|wa 31576|| 61| fuil 26401
12| 149 S11L||  37|n5eu 31489|| 62 |1u 26009
13| 'Ing 49049|| 38 |we 31267||  63[1AUNN 25674
14 | W 48785|| 39 um 31051|| 64| WU 25374
15| g5 47586 40 |Reuin 30866|| 65|a0'ld 25080
16|91 47078|| 411N 30866||  66|311U 24714
17|91 46402|| 42| 30831| 67 |0glu 24696
18| Au 46239 43 |W1u 30549|| 68 |denu 24631
19| f4NA17 43673|| 44|9u 30218|| 69]|1ng 24490
20 |10 43172(|  45|d w5y 30131|| 70|n% 24127
21| 'lid 42322|| 46|00nIN 29987 71 |a% 24023
22|3311a 41128]| 47| idleuil 29607 72 [Ty 23427
23 [N 40146|| 48| nilq 29418(| 73 |% 23236
24| ngu 40106|| 49 |Mas 28853|| 74|49 23130
25| 39558(| 50|@7 28468|| 75|81379 22893
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No. Words Freq. || No. Words Freq. || No. Words Freq.
76| lai 1% 22737|| 101|412 19359 || 126|1auo 16686
77 |5z 22543 || 102|vu 19259|| 127|msidends 16629
78| 934 22537 103 |t 19140|| 128|15g510 16581
79 |N¥i1s 22441|| 104|579 18915|| 12999 16380
80 [Vensguues | 22300(| 105wl 18841|| 130|my 16370
81| nsal 21951|| 106|A23 18762|| 131|luw9 16348
82| W 21686|| 107 | 18351|| 132 [1e9 16192
83| I§HIINYY 21668|| 108|350 18167|| 133| % 16091
84 | M 21491 109|#® 18138|| 134 |vel¥ 16075
85| melu 212211| 110|910 18041|| 135|504 16072
86 | e 21197|| 111|nav 17996 136 |vaizit 16000
87| a4 20979(| 112 |81119 17935 || 137[+h 15993
88 [0¢14 13 20825 (| 113 |[dszma’lne | 17800 138 |awm 15916
89| MmN 20790|| 114|1a 17749 || 139|A04ms3 15896
90 | 1AoU 20225(| 115| W58 17719 140|vzd0q 15863
o1 | anua 20221|| 116|511 17666 || 141{g4 15781
92 |1lszgns 20203(| 117 |vau 17611 142 1o 15726
93 | AUHUMT 20175|| 118|an 17544 | 143 |2zl 15713
94| QU 19966|| 119|8u 17498 || 144 Ingy 15699
95 |vmuzii 19937|| 120|Yoya 17419|| 145|m 15636
96 [ 119 19930|| 121|109 17284 || 146 |y 15595
97| Tnsams 19885 || 122|dAiny 17201|| 147|5200 15547
98 |11 19830|| 123|nnAu 16859 || 148 |1Fug 15340
99| ngHNIY 19809 || 124|180 16799 || 149 |U5H% 15318
100 | 19402|| 125 |84 16794|| 150 |szme 15278




190

No. Words Freq. || No. Words Freq. || No. Words Freq.
151 |Budu 15254]| 176 |1sznTellae | 13696|| 201 [iderian 13068
152 | U9 15086 177|iferu 13644 || 202 |fuLrug 12978
153 [a109 15018 17859 13602 || 203|919 12946
154|191 15017 || 179|218 13547|| 204|fdoq 12900
155 | W0 15013|| 180|ednalsiam | 13531]| 205 |5ua 12888
156 | gua 14935 || 181|Uszifiu 13512]| 206|n9Mmsieos | 12826
157 | 92 14897|| 182|gn 13484 207|Aoail 12806
158 %@ 14840 || 183|un 13463|| 208|i@onna 12804
159 [1fin 14750(| 184 |1At3HYND 13442|| 209 |1%9) 12799
160 | 311N 14711 185|weneu 13439|| 210|Mstioq 12764
161 | 1w 14680 || 186 |1l 13428|| 211|auu 12760
162 fian 14669 || 187|AAn1w 13414 || 212|52m0U 12742
163 | 9 14489 || 1883217 13392|| 213| Tufiud 12683
164 AMENTTUMNT | 14410 189 |1l 13340| 214|40 12670
165 ifau 14304 || 190 | doUaIU 13326|| 215|da 12666
166|130 14284 191 |uise 13299|| 216 ag'“' 12637
167 | ua 14246 || 192843 13272|| 217|ndail 12527
168 | Tagmwiz 14058 || 193] v 13238|| 218|farfu 12472
169|114 13983 || 194|d12 13230|| 219|52AU 12462
170 | R 13846 195|mMa 13218]| 220|1Ana 12442
171 1@ 13844 || 196|11910 13212]] 221 |aommsel 12440
172 | auy 13805|| 197 ﬁfm 13198 222|4 12438
173 [ ti@msal 13752(| 198 |04 13194(| 223 [ud3 12423
174 | A5 13726 || 199991139 13183 || 224|aga 12414
175 | i 13717|| 200{32ud4 13164|| 225|3un3 12391
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No. Words Freq. || No. Words Freq. || No. Words Freq.
226 | @ 12346 || 250|114 11496|| 275|W2n 10739
227 %M 12324(| 251 |1nAN 11395|| 276|¥o 10725

EAN 252 |84 11308|| 277 |ud 10653
228 12295 . .

§YBITUYRY 253[9@ 11275|| 278 |1l09AU 10643
229 | Mrua 12258|| 254|@35 11252|| 279 |vou 10635
230|1de%0 12233 || 255|111 11246|| 280|nauu 10618
231|A ¢ 12230(| 256 |1 11196|| 281|¥un 10608
232| A% 12175 257(§ 11155|| 282 |gaungil 10604
233330 12152|| 258|de 11153|] 283 |Auie 10591
234U 12085|| 259|501 11133|| 284|i599mMs 10588
235|514 12076 || 260|Msl% 11126 285|3@n 10553
236 1A 11976 || 261|dA0aH1 11103 || 286|A30UASTY 10543
237 | Aouil 11957|| 262|195 11042|| 287|%® 10524
23860 11906|| 263 [¥mh 11039|| 288 |%retvae 10468
239 |¥171u 11878|| 264|Tan 11002 || 289|n 10448
240 | 11 11870(| 265|308az 10966|| 290|081 10421
2418 11868 || 266/ 1heIt04 10959 HTNN

291| 10417
242 | 31ug 11855|| 2673 10902 529
243 | @A 1813 268 10863 || 292|1 10416
244 zj«’?i 11714|] 269 | w3 10833 || 293|3unw 10400
245|5n11 11692 270|5n 10833|| 2947 10396
246 (150 11690(| 271 |aute3 10819|| 295|M 10393
247 [ 1rau 11612|| 272|l4 10805|| 296 |M1AN 10374
248 | nehii 11597|| 273 | 1A 10796|| 297 |#w 10374
249 | 1dng 11553 || 274|ulowe 10786 || 298|n310 10371
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No. Words Freq. || No. Words Freq. || No. Words Freq.
299 | au'lne 10356 || 3240 9824 || 349|103 9416
300 | ABE 10355|| 325|nne 9781|| 350 |Uszan 9403
301 | WU 10342 || 326| AN 9769|| 351 |1Au 9394
302 |1z 10310|| 327|nw 9763 || 352|aq1iu 9323
30301713 10301 || 328/ lsitae 9753|| 353 Ny 9322
304 | vitou 10300|| 329|918 9745|| 354|9U 9318
305 | vian 10292 || 330|@0UN 9737|| 355|3nAss 9295
306 | eriUaYU 10264(| 331 |Waun 9731|| 356|80NTV 9267
307| lds 10246|| 332 |3 9716|| 357|09Ang 9227
308 | 1Wawen 10196 (| 333 |[M3N19IU 9697 || 358 9227
309 | g 10173 || 334|d09 9697|| 359|i58n 9222
310|YoA2W 10166 || 335|aa 9659|| 360|311 9197
311 | 10163 || 336|oAuwaimeod | 9655( 361|W 9175
312 |ugf 10096 || 337|Fau 9633|| 362[1na 9135
313 DN 10085 || 338|7u 9628 || 363 |d3A9 9129
314 ﬁgﬂ 10063 || 339/ 1i4 9623|| 364|119 9109
315 | W5 10030|| 340|993 9575|| 365 |l 9105
316| @19 10016|| 341|d 9570|| 366 |1 9075
317 | uA Iy 9990|| 342| uennil 9566 (| 367|anyme 9068
318|193 9964 || 343|Au 9564|| 368 |%u 9067
319 |M3tlsza 9941 || 344 |13 9540|| 369 |Aniiunf 9038
320 | Tnad 9895|| 345 |00nld 9517|| 370| Tom 9005
321 [deilu 9894 || 346 | ¥R 9471(| 3719 8995
3220579 9860 || 347|a@ 9426 || 372| e 8993
323 |18 9854|| 348 |1NAMA 9422|| 373|qY 8989
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No. Words Freq. || No. Words Freq. || No. Words Freq.
374 vy 8988 || 399 |aatlszima 8634|| 421 8264
375 | MiAavY 8966 || 400 |u 8584|| 422 |y 8257
376 | U 8965|| 401 |00n21N 8569|| 423 |60 8249
377 | Add 8964 || 402 |ndl 8559(| 424|o0u'layl 8240
378 | LLUIN 8909 || 403 |anval 8537|| 425|@n 8239
379 | 913193 8906 || 404 |ae 8486 || 4261/ 8223
380 | nanentlu 8876|| 405|Au 8482 427|Tufeuna 8210
381 | @MU 8867|| 406 |1u@ 8473|| 428 |nsdiii 8207
382|913 8861|| 407|521 8471|| 429|auA 8203
383 | 19150 8854|| 408|ludszine 8467|| 430 [uuvit 8180
384 |2 8832(| 409 [1u¥ 8451|| 431|gaga 8167
385 | NNW 8826 (| 410|134 8419|| 432|wiisde 8160
386 4 8816/ 411|310 8412|| 433[iminiAn 8141
387| msilqz1l 8797|| 412|unu 8409|| 434 |1aoey 8140
388 | 1UIUNIN 8794 || 413 [1weu 8368|| 435|310y 8137
389 | N04 8769|| 414|1n 8346|| 436|vnAnyI 8135
390 | W4 8757 AULINY 437 | Niey 8102
391 | &N 8732(| 415[anuaay 8340|| 438|u09 8085
392 laidioe 8730 LHITIA 439 |@n 8078
393 | NFZUIUMS 8718|| 41611 8332|| 440|gane 8075
394 | AN 8703 || 417[1uA3 8326|| 441|naa 8056
395 | 1314 8694 Winanu 442 | Fuayal 8051
418 8318
396 [ N35A 8659 aouaIU 443 | oanu 8038
397| msii 8643 || 419|¥09 8315|| 444 |31u 8012
398 | 11un 8642|| 420|m 8314(| 445/ 7990
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No. Words Freq. || No. Words Freq. || No. Words Freq.
446 |5z 7980|| 471 |Ag 7653 || 496 | aume) 7333
447 g 7978 || 472 |a0U 7648 || 497|a 7310
448 | 1 7975|| 473|500Ud 7637|| 498|910 7294
449 190 7956|| 474 |321i0 7618|| 499| T 7292
450/ fiog 7944 || 475|073 7596|| 500 | AT 7290
451|91M3 7903 || 476|unaz 7500|| 501|vnvieuiion 7275
452 | quiszanu 7885|| 477 |uvamna 7568 || 502|Wo 7261
453 | 499 7870|| 478 |5un3oq 7560 || 503 | @y 7253
454 | il 7853|| 479 |ga1Aw 7551 || 504 |1§uUNa 7248
455 | a1 7849|| 480 |91 7543 || 505 [uvlu 7242
456 | N8 7836|| 481 |du1¥N 7529|| 506 |nNoEI 7238
457 [naN 7817|| 482|aniy 7517|| 507|nu 7223
458 | 319M3 7816|| 4835319 7494|| 508 | W3V 7220
459 |1né 7813|| 484|q 7494|| 509 [418 7199
460 | 111l 7810|| 48540 7458|| 510|fnEN 7195
461 |1on 7778|| 486 s 7445|| 511|%09 7181
462| By 7768|| 487| 7440|| 512 |ua9 7162
463 [ 1939 7762|| 488|na1ng 7427|| 513 |anudauda 7158
464 |10 7753|| 489 {0 7423 || 514 |Menas 7157
465 | HWNg 7746 || 490 |1 7417|| 515|vily 7151
466 [ n3ndan 7717(| 491| M3 7402|| 516 |ANUAA 7142
467 |1a 7698 || 492 |10 7390|| 517|¥w 7138
468 | gud 7697|| 493 |ugl 7367|| 518|510 7122
469 | 13i501 7690 || 494 |¥iju 7359|| 519|n3INNT 7120
470| ito 7667|| 495 | un 7348 || 520 NotHie 7118
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No. Words Freq. || No. Words Freq. || No. Words Freq.
521 | M 7081|| 546 |3UN 6668|| 571 |aadula 6415
52218152 7067|| 547|mae 6664 || 572 [1BUNY 6399
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753 |1 5149(| 778 | uyud 4958 || 803 [1sz1aN 4768
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898 [ NAY 4279 923 |ANUFUNUT 4155|| 947|d1nqj 4036
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fa 1000 | lunoe 3846
977| 3918
STBITUYEY
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A
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993 | @ulu 3859
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