Research Paper : Opinion Detection in Thai Political News Columns Based on Subjectivity Analysis

Opinion Detection in Thai Political News Columns
Based on Subjectivity Analysis

Khampol Sukhum*, Supot Nitsuwat**, and Choochart Haruechaiyasak™***

Abstract

News columns are opinionated contents in newspapers
such as editorials where columnists usually express their
opinion and taking side explicitly with issues in the society.
While this is normal in democratic society, in some places
where journalism is often lack of, this bias could encourage
rifts and polarity, especially in delicate issues such as politics.
With such concern in mind, in this paper, we propose an
opinion mining framework for detecting opinions in Thai
political news columns. Our goal is to construct an information
filtering model for monitoring highly-opinionated news content.
Findings provided in this paper included our primarily result
and discussion about difficulties found in applying opinion
mining in Thai, as well as our analysis. In our work, contents
from Thai news columns, annotated at sentence level by
human experts, are used as training dataset to build a model
in which various classifiers and feature selection techniques
have been experimented. The best result is achieved by
Multinomial Naive Bayes with prior-knowledge based feature
selection. The Precision, Recall, and F-Measure are equal to
0.809, 0.804, and 0.803 respectively.

Keywords: Opinion mining, Sentiment analysis, Media
monitoring.

1. Introduction

Opinion mining is a field of research which emphasizes
on detecting expressions, emotions, viewpoints and private
states, expressed in contents [1], [2]. Because of its potentials,
applications of opinion mining are many. Such examples are,
a company could track customers tastes about their products,
average consumer searching for product information could
determine beforehand if a product is really worth buying,
government agency can estimate its public policy easier by
surveying expressions from online communities and social

network websites, etc.

In recent years, opinion mining has been successfully
applied in various domains, largely in reviews such as [3].
However, in news domain, the task is quite complicated
compared to those in reviews. A study by [4] stated that news
data is very much different from reviews: expressions are
more subtle, features could be infinite, news pieces such as
news quotation is often short, contains multiple targets, and
has more varieties of affective expressions.

While opinion mining in English has been well-studied,
in Thai, this field is still young. Thai differs from English
greatly: it has no word and sentence boundary, it is anaphora
language in which elements in a sentence or phrase can be
drop without change in the meaning [5]. Thai Named Entities
[6], are also common in news type contents. Together, these
obstacles could make opinion mining in Thai become an
interesting field.

Through our work, we have been trying to explore both
issues: ambiguities in news contents and Thai language. This
paper summarized our work in applying opinion mining for
building opinion identification framework for Thai political
news columns.

Our decision on selecting political news columns is based
on many reasons. Firstly, similar to editorials, a political news
column is usually a content of mixed facts and opinion.
Columnists often make contempt or favorite remarks against
entities; this makes them useful to help understand the
characteristics of media bias phenomena. Secondly, at
document level, a news column is likely to be categorized as
opinion piece; so it is interesting to see if one could pinpoint
exact location of opinion pieces in these news columns. Our
aim is to do this at a sentence level. This is not new in
English where sentence and word boundaries are less
ambiguous; in Thai, it is a challenging task.

The goal of our proposed framework is to build information
filtering system in which we can use subjective classifiers to

identify and labeling opinion pieces in Thai political news
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columns. Our aim is to train such classifiers, which we
emphasize on opinion identification, for the automatic
labeling task at sentence level. We believe that, like labeling
media with explicit content, once these opinion pieces were
recognized, media consumers will be more aware to the nature
of bias in the content. After all, an information filtering system
based on this framework could be useful in a society where
media neutrality and polarization is in concern.

In section 2 of this paper, we will discuss about
background and related works in this field before we move
on to section 3 where our methodology will be introduced,
and then our experiments will be discussed in section 4.
Finally, in section 5, we will conclude our findings and provide

suggestion for future works.

2. Background

Web 2.0 has led to the emerging of opinion mining where
main motivation is to let computer recognize emotions,
expressions, sentiment, or private state in text [1], [2]. In
order to achieve such goal, the Subjectivity Analysis approach
as pioneered by [2] stated that relying on standard dictionary
alone is insufficient, in order to recognize expressions,
subjectivity clues have to be available. In their work, Potential
Subjective Elements such as unique words, collocations, and
POS, generated from manual annotation tasks, as described
in detail in [7], are used in various combinations for recognizing
subjectivity. The major drawback of the manual annotation
approach is that it takes much time and efforts, thus many
researchers decided to go for automatic approach instead. For
example, [8] use a bootstrapping process to extract subjective
sentences for subjective pattern extraction task. Extracted
pattern is feed back to the bootstrapping process and thus
repeat the system. [9] use similarity in contents for opinionated
document recognition, sentence extraction and use co-occurrence
of words with seed words for polarity identification task. For
feature selection, while [10] focused on using topic-independent
features such as writing style in newspaper for objectivity
classification, [11] use hotel reviews as case study for
syntactic pattern features extraction in building opinion-mining
resources for Thai Language.

In political, newspaper, and quotation domain, the task is
more difficult than other domain such as movie reviews,
largely due to ambiguities found in content. [12] stated that
mixed speeches, implicit opinion expressions, implicit targets,
selective, partial target, and procedural speeches are difficulties

found in political opinion expressions. [4] stated that degree
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of expressions, content length, subjectivity with ambiguity
in targets are among obstacles in newspaper quotation polarity
detection and argued that interpretation about polarity could
be more than just negative versus positive viewpoints. The
accuracy, based on F-Measure score, in both mentioned works
are between 70 — 80%.

3. Method

A. Proposed Framework

Our proposed framework can be divided into three major
parts: data collection, annotation, and classification.

Atthe data collection part, adocument parser is responsible
for collecting, parsing, cleaning, and storing raw data from
online sources. A document prepared this way is ready to be
used as a dataset for annotation task, or as a document to be
identified for subjective pieces.

For building a corpus, at the second part, human experts
are responsible for annotation tasks in which the purpose is
to identify subjective elements as well as other useful features
in the dataset taken from the first part.

Atthe last part - classification, a model is then build using
a training dataset generated from a corpus based on human
annotation at the second part. Later on, this model could be
used for subjective pieces identification in a document.

The diagram of our framework is as shown in figure 1.

fod St [

Tralaing

Figure 1 Opinion Identification Framework for
Thai political news columns.

In next section we will describe our framework in detail

4. Experiment And Discussion

A. Data Collection

Our dataset is a collection of 117 pieces of political news
columns written by 8 different columnists and published in
8 well-known Thai online newspapers: Thairath, Matichon,
Daily News, Bangkok Business, Siamrath, Khaosod,
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Komchadluek, and Manager Online, during the time period
of June 2009 - September 2010. They are collected in
approximately equal amount. Topics covered in these columns
are mostly political, economic, social news and events; though
there are some off-topic contents such as readings, and tourism
as well. Unrelated elements, for examples, images, html tags,
writer’s name, newspaper title, etc. are removed; only content
and title of each column are kept.

B. Annotation

We asked 5 Thai natives with language-related academic
background to become our annotators. One of the annotators
was asked to do sentence segmentation. By her effort, original
117 documents have been broken down into a total number
of 2,539 sentences, with total vocabulary size estimated at
around 62,000 words. This sentences-tagged dataset is
categorized into 8 groups based on their sources, put into a
single collection and given to all annotators. Finally, we asked
our annotators to undertake marking of sentences that seemed
to be subjective, according to their own judgment. In some
clear-cut cases, we also asked them to undertake marking of

subjective words in the subjective sentence.
Table 1 samples of sentences with clue words marked.
Type
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C. Baseline building

1) Gold Standard Dataset

Sentences are selected based on majority votes in each
objective/subjective category from a corpus previously built
at annotation phase. Out of 2,539 original sentences in the
corpus, a total amount of 1,380 sentences are selected for
gold standard dataset. The dataset contains 30,952 words,

with an average 22.429 words per sentence. 1,344 clue words

W sansinaluladarsawna
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are also collected.

2) Classification

For word segmentation task and POS tagging, we use
LexToPlus1, a Thai word segmentation utility, and a 32,000
words size, LEXiTRON dictionary2, by National Electronics
and Computer Technology Center (NECTEC), Thailand. To
improve segmentation accuracy, collected subjective clues
and named entities are supplied as parameters. We use Weka3
as our testing platform for all of the classification tasks. For
the best classifier, we compared results from 3 well-known
classifiers: SVM-SMO, Naive Bayes Multinomial, and K-NN,
to establish our baseline. Here, Naive Bayes Multinomial is
selected over standard Naive Bayes for many reasons which
will be discussed in next section. All classifiers are trained
based on 10-fold cross validation, with default parameters.
For feature selection, unigrams with TF weighting scheme is
used. Weight of a feature is calculated by simply counting
their appearances in a sentence, nothing is removed except
numbers and symbols.

We achieved the best result with Naive Bayes Multinomial

and F-measure score equal to 0.793, for the baseline.

Table 2 Baseline result: precion, recall, f-measure.

Classifier P R F
Naive Bayes 0.795 0.793 0.793
SVM-SMO 0.75 0.749 0.749
K-NN 0.571 0.536 0.469

D. Improving Performance

1) Classifier

Since Naive Bayes classifier has given the best performance
in our baseline, it is selected as a classifier for improving
further performance.

According to [13], there are two types of Naive Bayes
classifiers which have been used in machine learning: the
standard model which is known as the multi-variate
Bernoulli model, and the Multinomial model, or “the unigram
language model”. The standard model is based on assumption
that there is no connection between words occurrences. Based
on this model, the probability of a word is calculated based
on its appearance and disappearance while number of time
the word occurred in a document is discarded.

Unlike standard model, the multinomial model captures
occurrences of words in a document. The probability of a
word is multiplied by its occurrences in a document. The
occurrences are referred as events in a document which is

referred as collection of events. This model has been known
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to give better performances over the standard model.

2) Features Selection

POS, Symbols, and Negation

Some early works suggested that POS such as adjectives
or adverbs [2] are good subjective indicator. Other elements

¢ 9

such as negation word, and Quotation symbols (‘ ” ”) have
also been used. In our cases, adding weight to presence of
adjectives, adverbs, or both together increased result just
slightly. And there are sentences which contain not just quo-
tation but also question (?), and exclamation (!) marks. The
accuracy reduced slightly when adding weight to presences
of Quotation mark; however, this trend is reversed with ques-
tion and exclamation marks.

Stopwords

Stopwords are common words which can be frequently
found in documents but are not useful for being used as
features; traditionally, in text categorization tasks, these words
are often discarded.

Table 3 shows Thai stopwords in our experiment.

Table 3 Thai Stopwords.
Thai Stopwords

110,14 e I La, Tos, uwia, U, Ua, (sn, LU, ue, 1o, i, 1o g, (5al
de, e, LWT]Z,L‘]juﬂ’li W iawwe e, Lﬁadmn LW@en, Lo
LT LAWNZ, LA, L, n, aﬂ o, azls,00n, as;m as;l 8L, WN, M
8, mqﬁnn waa,m5a,wits, mu &9, o, mmu 7, ’su ", 39, 1, Ju
ITRIN, 30, m q, nnan, W3ou, Wy, mu HaW, w, u Wi, un
wanan NN, “na@ w mlw M, 1 s, an, an. s, 789,099, @m
a8, mu faua, o, mu a8,69,89,729,39,970,39,92, 80,000,053,
f9,0%, 109,20, 104, N, F,1N3, 1, 111,127,181

In our work, adding weight to their appearances slightly
degraded the result (-0.4%) though not as much as removing
them out (-0.7%).

We believed that stopwords do have their function in
completed the semantic structure of a sentence, in either facts
and opinion writing, their absence or presence could have
impact in which how those sentence have to be written, but
simply counting their appearance alone seemed not to be
useful.

Numbers and Numerical elements

In many cases, factual information such as numbers, dates,
events, people, and places, was referred in a sentences as
supporting evidences by columnists for examples'

ﬁ]’]ﬂ"llam‘%]idﬂdﬂa’nl,m@d’]’“l nne. pgiuag 3 ﬂu
L‘H%"J’] ‘LlﬂEI'LIZ]J'%NN@]T]NN@&J’]ﬂ'ﬂ’m’]iﬂi’]ﬂiﬂlﬁi’] El"‘l‘ﬁd
vazfisawelunslnluuaua.
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Based on those mention facts, at least 3 members of the
Election Committee agreed that Mr. Boonchong is guilty in
cases severe than that of average defaming case, which
definitely make h1m Worth a red card by the commrttee

L‘V\@]T’L‘Llﬂﬂjj_“ﬂ_z ‘H%%’]‘Iﬁ’]x‘iﬂ(‘lLW'\L’J ai (ﬂ’J@] ‘Wi FNVL?J
ﬁ']ll']iﬂ(ﬂ’]llﬁ]‘ﬂ(ﬂ’lNﬂaL%(ﬂ‘l_]']%L&lﬂde@GUWG‘E'J@L‘E’] muau
L°D"H; 2 ﬂix‘i‘ﬂN']%&ﬂ

[The perpetrator] of the 2™ bombing at King Power Duty
Free shop will not be easily solved, unlike the last 2
incidences.
and,

smm fafl 2552 LﬂEJLﬂ@]‘llu aaunludl 2553 sz TGenans
ﬂ‘Ii’]iﬂElLLﬂﬁJ%%ﬂﬂ’)’]L@&l .That happened before in 2008
and again in 2009, which is much worse.

Numbers are discarded in previous study for they are not
usually indicated subjectivity by nature [2]. In our cases,
however, when more weight is added, their appearances
improved the result.

Prior-Knowledge based features: Keywords, Named
Entities, and Clue words

Looking closely at the corpus, we ‘ve found that in some
sentences, columnists often stressed their point by wrapping
quotation rlnarks aqround keyword:

HUAANATITAD “ganaw’ TWITUUNIANEVDILT.
I Think, this is a “weak spot” in our education system.

Sometimes, words quoted like this implied writer’s opinion
and we identified and extracted 397 pieces of them from our
corpus. When more weight is added for their presences in a
sentence like quotation and exclamation marks, these
keywords improved accuracy as well.

Named Entities (NE) are common in our dataset. We found
that 72% of sentences in our training dataset contain at least
one NE, example:

ma@mqmimmwﬂu’mawmwmaaummiwma
ANTNAY FJx‘iIﬂﬂ a3 newsweek Lﬂ 8N LL%"J‘Y]'NI%T]’]?
LLﬂWLTJEUV%’W’Jﬂf]@ﬂ’l'SLN E]GVLV] | ‘11\‘]%’] Elﬂim GNIT W
LRWADANUIRIULBINIIAD Recently,the minister did a

show-off of his vision, by giving interviews to the world’s

powerful magazine — newsweek about his idea on resolving
Thai political crisis in which he, the financial minister-Korn

Jatikavanich, proposed the three exit strategies.

In our cases, removing NEs out of sentences degraded the
result; this might be caused by drops in numbers of features
in a sentences. We believed that the classifier relies on them
for a clue in short sentences, similar to phenomena where

objectivity classifiers trained on bag-of-words inclining on

Information Technology Journal

MsaIsnalnlag@arsaning




g

learning topics as observed by [10]. While our human tagged
clue words seems to be not clear-cut or frequent enough, still,
adding weight to their presence increased result above that
of NEs.

While grouping NEs together as a single feature - to reduce
their effects on a sentence - resulted in slightly lower accuracy
as oppose to grouping clue words, our best performance
concerning features came from grouping both NEs and Clues,
and feature weight is given based on their appearances.

3) Result

Table 4 results from different features selection.

Features P R F
Clues 0.80210.799 | 0.799
Prior NEs 0.75 | 0.79 | 0.79
Knowledge< | Grouping Clues 0.81410.802 | 0.8
Grouping Clues, NEs | 0.809 | 0.804 [ 0.803
Keywords 0.796 [ 0.794 1 0.794
Adj 0.798 10.796 | 0.796
Adv 0.79410.794 | 0.794
POS Adjtadv 0.798 [ 0.796 | 0.795
Neg ("Luamﬁ) 0.79710.795 [ 0.795
Symbols “?’, I’ 0.796 1 0.794 | 0.794
Numbers 0.798 10.796 | 0.795
0-82 1 _ BBaseline
0.81 1] BPOS Features
0.8 v 4 1 OPrior-Knowledge
0.79 - ] ONumbers
0.78 -
P R F

Figure 2 Performance of features against baseline.

E. Discussion
Our Idataset contains both clear-cut subjectlve cases:

ﬁﬁﬂﬁyﬂ&ﬂﬁadﬂﬂﬂiﬂ%(gw EJIG)L‘Wﬂﬁa‘LI WNRIIN Eﬂﬂﬂ
LR ’;ﬁmmau LE]%VIT]%‘E‘YIM ‘YW]”IﬂuN’] Lﬂ%ﬁﬂﬂ LLﬂ’]
This is a problem of educations just for entering college, and
stupid entrance examination system which has been in place
for a decade.

And the borderhne cases, as stated in [2]

LNINE ‘Hﬂ ammmo‘mmiw mul% LA N’]%‘ﬂ’]\‘i
ATNNINBIVDIATE ‘110 Lﬂ%ﬂﬁﬂﬂ@lﬁii&l@]ﬁ&l% [NRINA.

Because this is a facts which are supported by verdicts from

justice court which is established according to the rule of
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international law.

Disagreement rates among annotators seemed to be high
in latter cases, while sentences which contain subtle subjectivity
are hkely to be marked as facts:

'J%LE‘T’]?ET‘]J’]EI 'J‘HM NN&I%%G&QL@?J%%O%”LL%”%’]TWU
vﬁu;d 811. In this one fine Saturday, [ have a book to introduce
to my readers.

Our classification’s performance suffered heavily from
such borderline cases. Due to this ambiguity, features such
as clue words alone seemed to be less effective.

Keywords improved precision in some sentences. But
their extraction task can’t be straightforward, since Quotation
marks are also used for other purposes and manual extraction
tasks are always expensive. Symbols such as question marks
and exclamation marks have also helped increased accuracy,
although we believed that such writing style might be a rare
case.

Clue words and Named Entities sometime signaled the
use of subjectivity. But their usefulness seemed to be ineffective

due to infrequencies and ambiguity.

5. Conclusion

Our work has shown that, while basic features such as
unigrams are effective enough for opinion identification task
in news columns, their precision can be improved further with
various features such as POS, special symbols, and prior-
knowledge based features such as Clue words, Keywords,
and Named Entities. Stopwords also have their usefulness in
identifying opinionated sentences, though we believed that
performing feature extraction by syntactical approach could
be more suitable for these words.

Borderline cases also have effects on performance; this
problem has to be addressed in further research. The most
influence factors, in our opinion, are still features selection.
While n-grams based features are good enough, domain-
independent features [11] such as syntactic structures might
improve further classification result especially in short sentences.
This entire task requires deeper understanding in natural
language processing.

Unfortunately, due to the cost of manual annotation tasks,
our training dataset is quite small; we believe that, because
of this, many useful features are not yet effective.

For our future work, we will investigate further into this
direction and domain-independent features selection
approach, as well as automatic corpus building for a larger
dataset and larger feature base.
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