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INTRODUCTION

Public opinion is a highly relevant and widely studied subject, as it provides
numerous advantages. For example, companies constantly monitor the trends in the
market to optimize their sales strategies, and politicians seek to understand the
concerns of their constituents to craft effective campaign messages. The examination
of public opinion is often facilitated through the analysis of text, which serves as a rich
source of information about the prevailing sentiments and issues in society. As such,
text-based analysis has become an increasingly important tool for understanding
public opinion and its various applications.

The rapid growth of the internet and social media has led to a proliferation of
texts being produced and published on a daily basis. In 2020, it was estimated that
500,000 tweets were posted every minute (Vish, 2020). These texts provide a valuable
resource for exploring topics such as bias, stereotypes, sentiment, and opinion.
Policymakers, for instance, may seek to track public reactions to their policies in real
time, while marketers may want to gauge the impact of their marketing campaigns as
quickly as possible. This information can then be used to adjust policies and campaigns
promptly, leading to more effective outcomes. Unlike traditional methods such as
surveys, social media text offers the advantage of being created by users in real-time,
with a large volume and greater emotional expressiveness. As a result, it is increasingly
being recognized as an excellent source for monitoring policy developments and
public opinion ("How suitable is Twitter for monitoring policy developments?," 2021)

However, relying solely on human labor for analyzing these vast amounts of
text is not feasible for several reasons. Firstly, the sheer volume of text presents a
significant challenge regarding the amount of human labor required for analysis.
Secondly, the fast-paced nature of text generation can result in decreased quality of
analysis due to the limited amount of time available for analysis. To overcome these
challenges, it is necessary to employ algorithms that can efficiently process and gain
insights from large amounts of data. Using algorithms ensures that the analysis remains

thorough, accurate, and up-to-date, even as the text volume continues to grow.



An algorithm must deeply understand the language in question to analyze
language effectively. In natural language processing (NLP) systems, the smallest unit of
analysis is typically a word. To represent the meaning of words, algorithms create a
concept known as word representation, word vector, or word embedding. This is
essentially a vector that encodes the meaning of a word within itself. The underlying
idea behind word embedding is that the meaning of a word is derived from its context,
meaning that the way a word is used expresses its sense (Harris, 1954). As a result,
similar words will have similar word vectors because they tend to be used in similar
contexts. This understanding of word meaning is crucial for accurately analyzing and
interpreting language and forms the foundation for many NLP algorithms.

The concept that similar words have similar word vectors is the cornerstone of
opinion mining, a widely used method in NLP. This task can be called word-based
opinion analysis. This method typically begins with training word embeddings on a
corpus of text, embedding the fact of how words appear in the corpus. The analysis is
then conducted by comparing word vectors, for example, to determine if two groups
have different opinions on a topic such as immigration. This process is done by splitting
the text into two groups based on the individuals who generated it, then training word
embeddings on each split text. If two groups have different opinions, their usage of a
word like “immigrant” will likely differ, which can be observed by comparing the word
vectors for “immigrant”. This method has been successfully applied in several studies,
such as examining gender bias (Garg et al., 2018; Nelson, 2021), racism (Tahmasbi et
al., 2021), and polarized political opinions (McCarthy et al., 2021).

In the field of NLP, there are two main types of word representation models:
static word embeddings and contextualized word embeddings. Static word
embeddings represent a single lexicon with a single vector, and this type of
representation has the limitation of being uncontextualized. Regardless of the context
in which a word appears, its representation remains unchanged. However, it is widely
recognized that word representation should be context-sensitive, as the meaning of a
word can change depending on the surrounding terms. As a result, contextualized word

embeddings have been developed to better capture the meaning of words in context.



The static word embedding represents a single lexicon with a single vector,
which cannot adjust a word's representation based on its context. A popular language
model for training word embeddings is word2vec, a feedforward neural network that
learns word embeddings by predicting the surrounding context or using the context to
predict the focus word (Mikolov et al, 2013). In contrast, contextualized word
embedding creates a separate vector representation for each token, allowing the same
lexicon to have different representations in different contexts. The state-of-the-art
contextualized word embedding model is Bidirectional Encoder Representations
Transformer (BERT), which uses a self-attention mechanism to generate word
representations (Devlin et al., 2018). The model allows for considering the relationships
between the focus token and other tokens in the sequence, providing a complete
understanding of how the word is used in context. This feature should allow for
clustering words by their senses or analyzing polysemous words.

Despite the significant advancements in contextualized word embeddings,
there remains a scarcity of research on their application in word-based opinion analysis.
To date, no study has been conducted to compare the efficacy of the contextualized
word embedding models in opposing opinion analysis. This gap in the literature
highlights the need for further investigation into the use of contextualized word
embeddings in the analysis of opposing opinions.

The objectives of this study are:

® To analyze the effectiveness and behavior of the output of static and

contextualized word embeddings when applied to varying amounts of data.

® To gain best practices for when and how to apply static and contextualized
word embeddings in the analysis of two opposing opinions.

To achieve this goal, | use two well-known algorithms for word embedding
generation, word2vec (Mikolov et al., 2013) and WangchanBERTa (Lowphansirikul et al.,
2021). The former generates static word embeddings, while the latter generates
contextualized ones. To perform a word-based opposing opinion analysis, | create two
corpora of Twitter text: one concerning the 2020-2021 Thai democratic protest and the

other from the opposition.



The research questions are:

How does the pre-training process affect the output of the static word
embeddings in the word-based opinion analysis task?

Which of the two embeddings is more useful in delineating the opposing

opinion in two opposing focus corpora?

How do static and contextualized word embeddings behave differently in

word-based analysis?

To gain best practices for when and how to apply static and contextualized
word embeddings in the analysis of two opposing opinions.

The major arguments, theories or hypotheses are:

Static word embeddings will overfit more to the data and yield nearest words
that reflect related concepts expressed in the text, but contextualized word
embeddings yield nearest words that reflect lexical relations or syntactic
relations to the focus words because they have been pretrained on a massive

raw dataset.

When given enough data, static word embeddings might be favorable because
there are enough repeated occurrences of words. In contrast, when given a
small amount of data, contextualized word embeddings might be favorable

because the model already learns part of the language through pretraining.



LITERATURE REVIEW

Before proceeding to the experiment, the related works of literature will be
presented in this section. This chapter will begin with word embeddings, which are
fundamental for word-based analysis. The differences between static word embedding
and contextualized word embedding are illustrated here. Then, the studies that
utilized word embedding in social sciences will be presented.

Word Embedding

In natural language processing, having the representation of meaning is crucial.
Word representation or word embedding encodes syntactic and semantic meaning into
a vector. For example, from the perspective of syntactic meaning, the word “car” is a
noun. It can be an object of a verb, e.g., James usually drives his black car on Monday.
Besides the structural aspect of the word, “car” also has a semantic meaning. Several
ways can explain the semantic meaning. One of them is the lexical relation or how the
word is related to other words. For example, the hypernym of “car” is “vehicle”, “car”
is the hyponym of “vehicle”, and “motorcycle” is the cohyponym of “car”.

Word embedding is created based on the distributional hypothesis. The
meaning of a word is derived from its surrounding words. Alternatively, how the word
is used with other words shows the sense (Harris, 1954). Given the following examples
of the word “pad thai”:

a. Many people always order pad thai when visiting Thai restaurants.
b. Pad thaiis a favorite dish for many people.
c. Pad Thai is typically made with Rice Noodles.

The meaning of “pad thai” is derived from its context (Jurafsky & Martin,
2021). From the examples, if | do not know what is “pad thai”, | will try to get its
meaning from the fact that “pad thai” can be an object of “order” (a.). In addition, it
associates with “restaurants” (a.). Furthermore, it can be a meal because it occurs
with a “dish” (c.). Lastly, one of pad thai’s ingredients is noodles. Without a clear
definition of “pad thai”, | have an idea of its meaning from its co-occurrence.
Suppose from the context words above, and they also have their context as follows:

d. James ordered fried rice at Tim’s restaurant yesterday.



e. Steak is the main dish for today's dinner.
f.  Ramen is a Japanese noodle soup.

From all the example sentences, | have an idea that “pad thai” is a kind of
meal similar to fried rice, steak, and ramen since they have a similar environment. This
is the idea of how word meaning derived from its context.

The word embedding is a vector representing a word. The Word vector’s
dimension varies from 50 to 1,000 dimensions. Each dimension contains a real number
that is also called a weight.

There are several algorithms to create word embedding; for instance, word2vec
(Mikolov et al., 2013), fasttext (Bojanowski et al., 2017), GloVe (Pennington et al., 2014).
Word embedding can be divided into static word embedding and contextualized word
embedding.

Word embedding similarity

When converting the meaning into a vector, we can compare the meaning by
comparing the word vectors or word embeddings. The similarity between word
embedding is calculated from the cosine similarity. The cosine angle between the
vectors shows how similar these vectors are. The formula for cosine similarity is

shown in Equation 1. (Kaveh-Yazdy & Zarifzadeh, 2021)

V.-V, nyey

Sim(V,V;,) = Cosine(§) = ———>— = . l—lflyl
”Vx””Vy” \/Z?=1 Xi \/Z?:l Vi
Equation 1

The distance between word embedding is the flip side of the similarity. It can
be calculated in Equation 2.
Distance(V,, V) = 1 — Sim(V,, V)
Equation 2
The most similar word is the word that has the highest cosine similarity with
the current word V.

Static Word Embedding

Static word embedding uses one vector to represent one word regardless of its

sentence positions. Considering the following three examples,



g.  “The poor bird couldn't fly because it had a broken wing.” (Dictionary, 2022b)
h. The gunman shot the princess and ran to the east wing of the palace.
i.  “The extreme right-wing of the party has dominated the discussion.”

(Dictionary, 2022b)

The word “wing” presented above have a different meaning. From sentence
g., “wing” is the part of a bird’s body that helps the bird fly. On the other hand, “wing”
is a part of the building in sentence h. In contrast, it is the political side in sentence i.
Nevertheless, the vector representations of these three wings are the same, so this
word embedding is context-independent. The same vector representation regardless
of the environment.

The most notable algorithm to train static word embedding is word2vec by
Mikolov, Chen, et al. (2013). In summary, word2vec has two alternatives; Continuous
Bag-of-Words Model (CBOW) and Continuous Skip-gram Model (Skip-gram). (Figure 1)
The first model creates word embedding by using the context words’ embedding to
predict the current word, while the latter uses the current word’s embedding to predict
the context. According to Mikolov, Chen et al. (2013), the continuous Skip-gram model
is more effective than CBOW, and Skip-gram is more widely used. Thus, | will briefly
explain CBOW, then continue to demonstrate the Skip-gram in detail.

Given the piece of text as the training data:

“Domestic cats are valued by humans for companionship ...” ("Cat," 2023)
Wi—2 Wi—1 W Wer1Wei2

Word2vec trains word embedding from the running text. Given the width of the
context window is 2, W¢ is the target word or the focus word, and Wi_o, Wi_1,
Wit1, W42 is the context words.

Figure 1 shows the two architectures. In the Continuous Bag-of-Words Model
(CBOW), the vector of context words is summed to predict W¢. Alternatively speaking,
the context words are the inputs W And the target word is an output Wg in CBOW.
On the contrary, the target word is an input Wy to predict the contexts Wq in Skip-

gram.
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Figure 1: Two Model Architeture of Word2Vec (Mikolov et al., 2013)
The intuition behind the word2vec is that if W; and W appear in the text
together, the probability that W occurs given Wy should be high.

exp(Vy,, Ty, )
p(Wolwy) =
=1 exp (v, Tvy,)
Equation 3
p(WO |WI) DI log O-(UI:VOT UWI)
Equation 4

Equation 3 defines the probability that W occurs given Wy. Uy, is the vector
representation of word w. W is the total number of words in the vocabulary. Equation
3 can be interpreted as the similarity between the vector representation of Wy and
Wp. The words that appear together should have a more similar vector
representation; thus, the fraction of Equation 3 will be high. Therefore, the objective
of Skip-gram is to find the vector representation that maximizes Equation 3. The
p(WO |WI) is also equal to Equation 4, where O is the softmax function.

In addition, Skip-gram also has negative sampling. The idea of negative sampling

is that the efficient representation can give a high probability to the correct context



words and a low probability to incorrect context. The Kk incorrect contexts are drawn
from the noise distribution Pn(W). Thus, the objective function of Skip-gram is
Equation 5, in which the first term is the probability of the correct context and the
second term is the probability of incorrect context.
log o(vy, T vy,) + Zi-;l EwiNPn(W)[log o(—Vy, T Vw,)]
Equation 5
Lastly, Skip-gram employs subsampling of frequent words, which is discarding
the frequent word with the probability P(Wi) in Equation 6. Considering the training
example, frequent words such as “by” and “for” occur substantially frequently.
However, they have less information than less frequent words such as
“companionship”. Thus, to learn the representation of “humans”, it is more valuable

to learn the co-occurrence of less frequent words.

t

fwy)

Pw;)) = 1 —

Equation 6

Skip-gram trains word embedding using stochastic gradient descent and
backpropagation to get the word representation that maximizes the objective function
described in Equation 5.

Word2vec has a linear property. The arithmetic operation can be done on
word2vec. For example, the most similar vector to vector(“Berlin”) -
vector(“Germany”) + vector(“France”) is vector(“Paris”). This is an example of
semantic meaning encoded in a word embedding. The syntactic meaning is also
encoded; for instance, vector(“quickly”) - vector(“quick”) + vector(“slow”) is close to
vector(“slowly”). (Mikolov et al., 2013)

Contextualized Word Embedding

While static word embedding uses one vector to represent one word in the
vocabulary, contextualized word embedding uses one vector to represent one token
in the text based on the context. Here are the examples of the word “man”:

j. Thereis a man in a green shirt standing under the apple tree.



k. “Man is still far more intelligent than the smartest robot.” (Dictionary, 2022a)
. “The phones are manned 24 hours a day.” (Dictionary, 2022a)

The term “man” appears three times in the given text. These tokens will have
the exact vector representation for the static word embedding. On the other hand, for
contextualized one, the representation of “man” differs because they occur in a
different context. In sentence j., the “man” is a noun meaning “an adult male human
being” (Dictionary, 2022a). The “man” in sentence k. is also a noun, but it means “the
human race” (Dictionary, 2022a). Lastly, the “man” in L is a verb meaning “to man
something such as a machine or vehicle is to be present in order to operate it”
(Dictionary, 2022a). As opposed to static word embedding with the exact
representation of “man” regardless of the context, contextualized word embedding
will give a new version of the word vector when the surrounding word changes.

The static word embedding has the disadvantage of the fixed representation
and the limited length of context. As demonstrated in the Word2Vec model
architecture, the number of contexts must be specified. Thus, it cannot consider the
longer context and fail to capture the long-range dependency. It does not capture the
whole meaning of the word.

Self-attention

There is an invention proposed to overcome these limitations. It is a self-
attention mechanism proposed by Vaswani et al. (2017). Their model architecture
consists of two parts; encoder and decoder. As presented in Figure 2, the left part is
the encoder, and the right part is the decoder. The green box in Figure 2 is the
transformer. The transformer can be both an encoder and a decoder. It is the self-
attention (the orange box) stacked by the dense layer (the light blue box). The green

box in Figure 2 presents one layer of the transformer.
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Figure 2: The transformer - model architecture (Vaswani et al., 2017)

The critical feature in the encoder is Multi-Head Attention. It learns more than

one relation between the words in the sequence. The intuition behind it is the self-

attention mechanism. To create the representation of a particular token, the token

also relates to other tokens. The attention shows how important the other tokens in

the sequence relate to the focus token. Figure 3 shows the relation between “making”

and other tokens in the sequence. The edge shows the relation, and the value of the

edge indicates the strength of the relation. In Figure 3, the word “making” has a strong

relation to “more” and “difficult” aligning with the pattern “making ... more difficult”



(Vaswani et al,, 2017). Word2Vec cannot capture this long-distance dependency
because it may have a smaller context than the range, where “making” and “more
difficult” co-occur. Utilizing attention makes representation encodes richer meaning.

Attention Visualizations
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Figure 3: Attention Example (Vaswani et al., 2017)

The attention is calculated from Scaled Dot-Product Attention. Firstly, the input
sequence length M has the input embeddings (Xl, X,y e, xn). These input
embeddings are transformed into query (, key k, and value V. The calculation does
not process token by token but uses matric operation. The input embeddings are

stacked to form X matrix. Then, the learned weight matrix WQ, WK, and WV

projects X to matrix Q, K, and V' as shown in Equation 7, Equation 8, and Equation
9.

Equation 7
K = Xw¥k

Equation 8
V=XxwVv

Equation 9

Where W@ € R%moderdk WK ¢ RAmoderdk ,nq WV €

R%modet*dv_(\5eani et al,, 2017)
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Equation 10

where Attention(Q,K,V) € RN*v 1pe interpretation of QKT

term is the comparison of each token to all other tokens in the input. Then, the term

Attention(Q,K,V) = softmax |74

1
is scaled down by \/7_ . The scaled dot-product is fed into the softmax function to
k

create the weight. Each row of matrix Attention(Q, K, V) correspond to each
row of matrix X . Alternatively speaking, the representation of X; is the weighted sum
of all tokens in the sequence.

Because it is possible to have more than one relation among the tokens,
Vaswani et al. (2017) employ multiple duplicates of attention called Multi-head
attention networks. Each duplicate or head has its own parameter matrix WQ,WK,
and WV. Therefore,

head; = Attention(Q;, K;,V;)
Equation 11

MultiHead(Q,K,V) = Concat(head, head,, ..., head,) )W ?°
Equation 12

Where WO € thVdeOdel, and h is the number of heads. Finally, all
heads are concatenated. (Figure 2) Then, it is connected with the residual connection
and layer normalization.

FFN(x) = max(xW; + b)) W, + b,
Equation 13

Where x is the output from the previous sub-layer, again, the output from
Equation 13 is connected to residual connection and layer normalization.

All the steps explained above form one layer of the transformer.

BERT Architecture

The state-of-the-art model architecture, BERT or Bidirectional Encoder

Representation from Transformers, employs a self-attention mechanism. BERT uses 12

transformer layers in BERTg45g and 24 layers in BERT| 4pcE. (Devin et al,
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2018) The output from one transformer layer is passed on to the next transformer
layer as an input.

BERT constrains the input sequence length not to exceed 512 tokens. The
longer the input text is, the higher computational cost is required. Thus, BERT needs
to constrain the input length to a sufficient range to acquire the context and not too
long.

BERT Training

The power of BERT comes from two reasons; the first is the self-attention
mechanism, and the second is the transfer learning from a substantial amount of data.
Firstly, BERT acquires knowledge of the language in the pre-training process. Then, it is

fine-tuned to adapt to the downstream task. | will demonstrate the pre-training first.
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Figure 4: BERT input (Devlin et al., 2018)

BERT used a WordPiece tokenizer (Wu et al., 2016). This tokenizer tokenized
the text into subwords. The example is in Figure 4. The word “playing” is tokenized
into “play” and “# #ing”. The intuition behind the subword tokenization instead of
word-level tokenization is that it requires a substantial amount of memory and time
to cover as many word forms as possible. Here is a great example, the word “annoy”
has several word forms, such as “annoying”, “annoys”, and “annoyed”. Likewise, other
words also have several word forms. Suppose one word has 3 word forms, and there
are 3 words (citation form) in the dictionary. As a result, there are 9 words in the
dictionary if one word form is assigned to one entry. This way, the vocabulary size will

grow extensively since one entry for every word form is needed. Splitting “annoying”

into “annoy” and “# #ing” will reduce the size of vocabulary and save computational
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time and memory. According to the example of 3 words (citation form) in the
dictionary, the vocabulary size is 6 (3 + 3). (HuggingFace, 2022)

The other reason is that the subword has a higher frequency than the
“annoying” so BERT will get more samples for “annoy”, resulting in better
representation. In addition, “annoying” has the composite meaning of “annoy” and “-
ing”. Therefore, BERT should learn the representation of each subword. Moreover,
subword tokenization allows BERT to handle the unknown word or the word that does
not appear in the training sample. For instance, “transforming” is tokenized into
“transform” and “# #ing”. “transforming” may not be in the training data, but it is
more likely that “transform” is in the training data, and “# #ing” too. This tokenization
method reduces the out-of-vocabulary problem when implementing the model in the
downstream task. (HuggingFace, 2022)

WordPiece tokenizer (Wu et al., 2016) is the subword tokenizer. Schuster and
Nakajima (2012) firstly introduce this tokenizer. The process begins with creating the
inventory of all characters. Then, the model builds the language model for the training
data from the inventory. They increment the word unit to the inventory by adding the
pair of units in the inventory one by one. The criteria for choosing the pair of units is
that the pair should increase the likelihood of the training data. The process will repeat
until the number of word units reaches the predefined number or the increase in
likelihood is below the predefined level. WordPiece uses this word inventory to
tokenize the text by matching the word unit and the input text, and tokenizing them
accordingly.

In addition to token embeddings, BERT also trains the segment embeddings to
differentiate the sentence in the input sequence. As presented in Figure 4, there are
two sentences. The [SEP] token is added at the end of each sentence. The segment
embedding (the green box) EA shows that the tokens preceding the [SEP] token and
the [SEP] token belong to the first segment, and EB shows that the tokens behind the
previous [SEP] belong to the second segment. The [SEP] token encodes that the input

text is a pair of segments in the segment embedding of the [SEP] token.
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Lastly, the position embeddings are trained to use the token's position in
sentences. The position embedding encodes the relative positional information of
each token. The positional information is critical for languages because language is not
the random order of the words, but words adjacent in particular order create the whole
meaning of the sentence. According to the architecture of the transformer, the
mechanism encodes the sequence in parallel, and no part deals with this information.
The positional embedding acts as a signal to the model about the position of the input
token.

The positional embedding is calculated from the sine and cosine functions.
Each dimension in the embedding has a function to calculate the positional weight
from the position. In other words, the positional weight is the function of the position
of that token in the sequence. Therefore, a position in a sequence such as one can be

transformed into a vector containing real numbers. The formulas are shown as follows:

/7 pos
PE(pos,2i) = Sin 2]
10000 /9model
Equation 14
2 pos
PEpos,2i+1) = €OS 21/
10000 /94model
Equation 15

Where pos is the position of the token, and [ is the dimension of the positional
encoding.

In conclusion, the input layer of BERT is the sum of token embeddings, segment
embeddings, and position embeddings.

BERT training consists of two steps: pre-training and fine-tuning. The pre-training
is to train the model with a tremendous amount of unlabeled text, while fine-tuning
is to finetune the previously trained parameter with the downstream task such as
sentiment prediction.

BERT has two pre-training tasks. The first task is the masked language model
(MLM). This task is like the cloze test. Some words are removed, so participants need

to fill in the blank with the correct answer. Intuitively, the participant needs to know
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the language to understand the context to find the correct answer. They need to know
the vocabulary and its usage. The ability to do this task correctly shows that the
participant understands the language. Therefore, BERT acquires the language by
learning this task. To train the MLM task, fifteen percent of the tokens are randomly
selected. Of the chosen tokens, 80 percent are replaced by [MASK], random incorrect
tokens replace 10 percent, and the rest 10 percent are still unchanged. Only the final
hidden layers hiof these selected tokens are used to predict the original tokens. The
cross-entropy losses are averaged within the sequence, and the gradient is calculated
for the case of stochastic gradient descent. For batch gradient descent, the cross-
entropy losses are averaged within the batch.

The second task is next sentence prediction (NSP). The objective of the training
NSP task is to allow the [SEP] token to encode the fact that the input is a pair of
sentences. In addition, many downstream tasks such as question answering,
paraphrasing detection, and natural language inference need an understanding of the
relation between sentences. Fifty percent of the input sequences are selected, and
the next sentences are replaced by random sentences. The rest of the input sequences
are left unchanged. Thus, the model will predict whether the following sentence is
the real adjacent sentence or not. Therefore, the loss function of BERT is the sum of
loss from MLM and loss from NSP.

BERT trains on the massive corpus. It achieves the state-of-art GLUE score,

MultiNLI, SQUAD v1.1, and SQUAD v2.0 test. (Devlin et al., 2018)
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Figure 5: BERT Fine-tuning (Devlin et al., 2018)

BERT is compatible with several downstream tasks. It is easy to fine-tune by
plugsing specific input and output of that task into the model. Then, all the parameters
are fine-tuned. Figure 5 shows the several downstream tasks and how input and output
are different.

In the single sentence classification task (b) and single sentence tagging task (d),
the input sequence does not have the [SEP] token. On the other hand, in the sentence
pair classification task (a), e.g., natural language inference and question answering task
(c), the input sequence has the [SEP] token because the input is a pair of sentences.

From the output side, the token representation of the [CLS] token is connected
to the output layer for the sentence pair classification task (a) and the single sentence
classification task (b). The [CLS] token acts as the sentence embedding in BERT. It
encodes the entire sequence. While only [CLS] representation is used in (a) and b,
more than one token representation is used in (c) and (d). In the question answering
task (c), the [SEP] token indicates the end of the first sentence. Then, every token

representation after the [SEP] token is fed into the classifier to predict whether the
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particular token is the start/end of the text span. In single sentence tagging task (d),
the [CLS] shows that the model should begin classifying the next token. The token
representation of each token is fed into the classifier to predict the labels. For example,
it gives the label O to the token that is not in the part of the name entity and gives B-
PER to the token that is the beginning of the PERSON name entity.

WangchanBERTa

Although BERT’s descendant model has become a state-of-art in English, they
still underperform (relative to English) in many languages especially low resource
languages, due to several limitations.

The first limitation is the smaller amount of train data. BERT multilingual base
model (MmBERT) trains on the 104 languages Wikipedia pages. (Devlin et al,, 2018)
Compared to the training data for the English language of the BERT, the training data
for each language is still substantially lower. The second limitation is that mBERT does
not consider language-specific features. For example, some languages have different
morphology from English.

The Thai language differs from English in some aspects. Firstly, Thai words are
not separated by spaces—all words are adjacent to each other in sentences.
Therefore, space cannot be used for word tokenization as in English. There is more
than one possible result of tokenization, as shown in Figure 6. The exact input text
results in different token lists with diverse meanings. The second point is that space
acts as a sentence boundary in the Thai language, like the period in English. Thus, the

model that does not consider this feature will underperform or yield the worst result.

Input text: 158UNAINUN
Tokenizer 1: 158 | ¥n | 814 | 11

Tokenizer 2: 159U | N4 | U1

Figure 6: Thai tokenization
WangchanBERTa is the transformer-based model for Thai language. Its

advantages come from the diverse training dataset such as social medial posts from
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various platforms, news, articles, Thai Wikipedia dump, subtitles, book corpus, and
translations from various corpora. The cleaned training dataset is 78 GB in total size,
much larger than the Thai Wikipedia dump used in mBERT (515 MB). The variety of the
data sources makes WangchanBERTa cover language in diversified topics. (VISTEC, 2021)
In addition, WangchanBERTa’s dataset has formal language, informal language, spoken
language, and written language, while that of mBERT is formal language and written
language. Therefore, WangchanBERTa learns a complete picture of the Thai language
more than mBERT.

WangchanBERTa implements preprocessing the text before training since the
cleaned training data give better performance than the uncleaned dataset. The
preprocessing scheme includes cleaning the text by removing HTML tags, empty
parenthesis, brackets and replacing space with < >. WangchanBERTa used the
SentencePiece subword tokenizer (Kudo & Richardson, 2018), combining spaces with
other tokens. Because space is a sentence or phrase boundary in Thai and acts as the
full stop in English, a special symbol for space is needed to preserve the sentence
boundary. There are 381,034,638 unique sentences in total after preprocessing as a
result.

WangchanBERTa implements preprocessing the text before training since the
cleaned training data give better performance than the uncleaned dataset. The
preprocessing scheme includes cleaning the text by removing HTML tags, empty
parenthesis, brackets and replacing space with < >. WangchanBERTa used the
SentencePiece subword tokenizer (Kudo & Richardson, 2018), combining spaces with
other tokens. Because space is a sentence or phrase boundary in Thai and acts as the
full stop in English, a special symbol for space is needed to preserve the sentence
boundary. There are 381,034,638 unique sentences in total after preprocessing as a
result.

The training process of WangchanBERTa begins with training the tokenizer.
SentencePiece subword tokenizer trains on randomly selected 20,961,306 sentences.
WangchanBERTa model architecture has 12 transformer layers, 768 hidden dimensions,
and 12 attention heads. (Lowphansirikul et al., 2021) Lowphansirikul et al. (2021) adopt
RoBERTa-base architecture (Liu et al., 2019). RoBERTa architecture is similar to BERT
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except removing the next sentence prediction, changing the masked token when
training on different epochs, bigger batch size, and longer sequences. Due to the
limitation of computing power, the max sequence length of WangchanBERTa is 419
tokens, whereas that of RoBERTa is 512 tokens. (VISTEC, 2021)

WangchanBERTa’s result surpasses the strong baselines on the sequence and
token classification. WangchanBERTa achieved the highest micro-average and micro-
average F1 score 2 out of 3 multi-class sequence classification compared to other
multilingual language models, namely mBERT and XLMR. It also yields the highest
score on multi-label sequence classification. There are 2 downstream tasks for token
classification task; name entity recognition (NER) and POS tagging. WangchanBERTa
yields the highest score for NER but not for POS tagging. Overall, WangchanBERTa has

better performance than other multilingual models.

Word embedding in social science literature

Text is a rich source of data for several fields of study. Since humans have a
writing system, people record events in text, such as letters, news, and reports. Digital
technology brings about a significant amount of text produced and published daily. In
addition, information and knowledge are left in the text waiting to be discovered.
However, text analysis requires a substantial amount of time and human work. Natural
language processing makes analyzing a massive amount of text relatively quickly
possible, and word embedding is an asset as it embeds the meaning within itself. The
applications of word embedding in social science are illustrated in the following
section.

In macroeconomics, one major concern is uncertainty: the higher uncertainty,
the longer the economic downturn recovery. Kaveh-Yazdy and Zarifzadeh (2021) create
an Economic Policy Uncertainty index (EPU) from word embedding. They train the
Continuous Bag-of-Words Model (CBOW) on the Persian news corpus. They construct
the index from the vector of words “economic”, “policy”, and “uncertainty”. These
three words are the concept they are interested. If the most similar words compared
to each concept in the news have a similarity score more than the minimum threshold,

that news is counted as relevant news. Next, all of the similarity scores of the relevant
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news are transformed into the EPU score of that news. Finally, for each month, the
EPU index is calculated from the sum of the EPU score of the new in the month
divided by the total news. Their EPU index performs fantastically. It follows the
economic event in Iran and is aligned with the World Uncertainty Index of Iran. Their
methodology has an advantage over the previously proposed method, such as LDA,
or counting the news containing predefined keywords. Because the old method counts
the number of news with the predefined words relevant to economic policy
uncertainty (Baker et al., 2016), the incomplete relevant word set makes some news
uncounted, resulting in an underperforming EPU index. This work confirms the
advantages of word embedding in analyzing a large corpus to understand the topic in
focus.

Word embedding is also a tool for analyzing text. In market regulation and
digital market competition conduct, word embedding is used to find whether the
different sizes of organizations providing digital services have a different perception of
the European Digital Markets Act (DMA) and Digital Services Act (DSA). Di Porto et al.
(2021) divide the text from the questionnaire on the acts into three corpora based on
the size of the respondent's organization. Then, they train word embedding on each
corpus and compare the distances of the words in focus between the corpora such as
“Gatekeepers”, “Monopolization”, and “Newcomers”. If the vectors of the same word
from different corpora are significantly different, the organizations do not have the
same perception of that term. In addition, the most similar words of each group's
interested terms hint at the perception of each group's concept. This is an example
of how to use word embedding to find the different opinions of different groups of
people utilizing the concept of word embedding similarity.

The field that leverages word embedding most is sociology, where bias and
stereotype are the topics of interest. Because bias and stereotype are also within the
word’s meaning, the embedding can also capture them. Without computational text
analysis, concepts in sociology are studied by reading the text or survey. Therefore,
studying on a large scale is limited. Garg et al. (2018) explore biases and stereotypes
from the 100 years book corpus. They use the word embedding train on a decade of

Google Books corpus to compute the biases. For example, they average the word
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vectors corresponding to female and male. Then, they calculate the distance between
a vector of occupation words and the female and male vectors. If the distance from
the female is higher than the distance from the male, that occupation tends to bias
toward the male. They study gender bias and other biases and stereotypes and found
that the bias from word embedding corresponds to the historical data. | follow the
methodology of averaging the word embedding to create the representation of a
concept and computing the vector similarity to compare the embedding.

The method that uses the distance of vectors is widely acceptable. Stoltz and
Taylor (2021) analyze immigration from a cultural perspective by leveraging word
embedding. For example, utilizing word embedding trained on decades of 100 years’
book corpus, they found that the word “immigration” tends to be more similar to
“crime” over time. Nelson (2021) reveals the social identity of people in the
nineteenth-century U.S. South differed in gender and race from the first-person
narratives.

There is also research studying the more recent events. For example,
comparing the text from online platforms before and after the spread of the covid-19
pandemic, temporal word embedding reveals more Sinophobic language and insulting
toward Asian people. Tahmasbi et al. (2021) train their word embedding in 3 ways.
First, they train on the whole corpus. Second, they divide the text into weekly chunks.
Lastly, they train the embedding on the text not in the focus period to use as the
baseline. Retrieving the most similar word of the words, such as “China” and
“Chinese”, they found some offensive terms. There are more derogatory terms after
the pandemic than in the previous period. Comparing the vocabulary of the baseline
model and the vocabulary of the model train on the text of the pandemic period,
they select the new terms that have a similarity score between the term and “China”
of more than 0.5. Some of these are offensive. They found that the usage of these
terms peaks in critical situations such as the lockdown announcement.

McCarthy et al. (2021) analyze the news of Hongkong’s 2019-2020 protest from
two groups of newspapers: English Language Hongkong-based newspapers and
Western-based newspapers. Firstly, they train two sets of word embeddings: the

Hongkong-based newspaper’s embedding and the western. Then, the most similar
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words of protest-related keywords, such as confront, protest, and tension, are
generated from each embedding. The most similar words reflect how the terms are
used in the context. They found that Hongkong based language is more negative than
Western-based. In addition, they split the corpus into two periods: pre-June 2019 and
post-June 2019. The most similar word set of pre-June 2019 embedding and the other
show diachronic semantic changes. Both groups of the newspaper report are more
negative.

All of the works presented above use static word embedding. They trained the
static word embedding on the corpus without pre-training because they wanted to
analyze the idiosyncrasy within their research corpus. However, there is no work
studying on the effect of pre-training on opinion analysis tasks, so | want to address
this question.

Although static embedding performs well in the works, it cannot tackle
polysemy because one word is represented by one fixed vector. The adoption of
contextualized word embedding in social science is quite limited. Montariol et al.
(2020) analyze financial text from various sources and a wide range of periods by
utilizing BERT. Similar to many works presented above, they divide the text by the
dimension, for instance, the time created, the author, and the industrial sector. Then,
they generate the embedding. Since contextualized word embedding has one
representation per occurrence, they get a set of vectors per word. They cluster the
vector to find whether the word has more than one usage and how it is used in the
text. Hu et al. (2019) study semantic shift through sense representation and tagging.

Hamaldinen et al. (2021) use pre-trained contextualized embeddings for
depression detection in Thai text. Their work differs from other presented works as this
work is a classification task. The objective is to classify whether the text contains
depression content, not to analyze the content in the text. They found that LSTM with
pre-trained word2vec had higher accuracy than Thai BERT. Thus, contextualized word
embedding or BERT is more advantage than word2vec in classification tasks. There is a
gap in whether the contextualized word embedding is still superior in the opinion

analysis task.
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The following figures show the difference between static word embedding and
contextualized word embedding. It is able to study polysemy or do clustering from
contextual word embedding because it gives a unique embedding per one instance of
the word. The example text contains 12 tokens, and the static word embedding gives
9 word embeddings as 2 words occur 2 times. On the other hand, the contextualized
word embedding still gives 12 embeddings.

This study will compare the two types of embeddings trained on Thai text and

showcase their differences in word-based opinion analysis.

Input: “unadranunaia TUliduuda 7 (Run out of words, Loss my mind) — 12 tokens

W [[0.3542, 0.2574, 0.0917, .]
- . Al [0.5903, -0.4870, 0.9607, ...]
e, A, e, e, ar, el e e
e [-0.3809, 0.2389, -0.7881, ...]
A1 [0.0602,-0.1017, 0.0564, ...]

v [-0.1567, 0.8709, -0.6458, ...]

Context-independent Model W [0.1605, 0.4662, 0.0530, ...]
1 [-0.0320,-0.1310,0.4184, ..]
W [0.6202,-0.4219,-0.0074, ...]
e [-0.4531, -0.1939, -0.6758, ...]

Figure 7: Example of output from static word embedding model



Input: “wundanuar1an Tulidunds 7 (Run out of words, Loss my mind) — 12 tokens

o o =)
e, A, e, e, A e T e e e,

Wida

[-0.3542,0.2574, 0.0917, ...]

[0.5903, -0.4870, 0.9607, ...]

[-0.3809, 0.2389, -0.7881, ...]

[-0.3342, 05574, 0.1917, ...]

[0.5703, -0.4070, 0.8607, ...]

[0.0602, -0.1017, 0.0564, ...]

Contextualized Model

[-0.1567, 0.8709, -0.6458, ...]

[0.1605, 0.4662, 0.0530, ...]

[-0.0320, -0.1310, 0.4184, ..]

[0.6202,-0.4219, -0.0074, ..]

[-0.4531, 0.1939, -0.6758, ..]

[-0.1567, 0.6709, -0.6338, ...]

Figure 8: Example of output from the contextualized word embedding model
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OUR APPROACH

| consider four sets of models that generate word embeddings for the focus

words and their nearest neighbors. The datasets involved are 1) a large general corpus,

which is typically used to pre-train language models, and 2) a focused corpus, from

which | want to study the opinions. | hypothesize that how these models deal with

the general corpus for pre-training, the focus corpus for fine-tuning, and the linguistic

context in which word embeddings are generated will result in drastically different sets

of words of all focus words.

1.

Un-pre-trained static word embeddings or un-pre-trained word2vec: The
utilization of un-pre-trained static word embeddings or un-pre-trained
word2vec entails adopting the skip-gram model proposed by Mikolov et al.
(2013) to represent static word embedding. This approach ensures that the
word embeddings remain unaffected by the extensive general corpus, as they
are exclusively trained on the specific focus corpus and therefore remain
unprejudiced. The representation of word embeddings is derived solely from
the focus corpus, enabling the identification of nearest neighbors within this
embedding space for each focal word.
Pre-trained static word embeddings or pre-trained word2vec: The adoption of
pre-trained static word embeddings or pre-trained word2vec involves the
application of the skip-gram model of word2vec, whereby the model is initially
pre-trained on an large general corpus and subsequently undergoes further
training, commonly referred to as "fine-tuning," on the specific focus corpus for
an additional epoch. In contrast to un-pre-trained embeddings, pre-trained
embeddings possess prior knowledge of the Thai language acquired during the
pre-training phase. This advantageous characteristic allows the embeddings to
assimilate information from the focus corpus by adjusting their weights
accordingly.

| hypothesize that this set of embeddings will perform better than the

un-pre-trained set when the focus corpus is small because the additional



knowledge from the pre-training process on the large general corpus is required

to perform well.

3. Contextualized word embeddings or WangchanBERTa: | use the model
architecture from BERT (Devlin et al., 2018) to compute contextualized word
embeddings. | hypothesize that contextualized word embeddings can capture
the semantics of the words used in the focus corpus due to their ability to
compute a word embedding from the actual context in which the word
appears. For each word in the focus corpus, | find all its instances, grab the
output of the last layer, and average across all instances to form a single
embedding for the word. The averaged version of contextualized word
embeddings retains the embedding quality and is the most effective pooling
method (Bommasani et al., 2020).

4. Fine-tuned contextualized word embeddings or fine-tuned WangchanBERTa: |
use the contextualized word embeddings as the same as the contextualized
word embeddings, but | further fine-tuned the model on the masked
language model. BERT utilizes a masked language model (MLM) to train the
model to encode the language information. The intuition for the fourth type
of embedding is to make the embedding embed more corpus information
because the embedding gets embedding from; 1) the training on the MLM
task and 2) the attention mechanism. | expect the fine-tuned contextualized
word embedding to be superior to the un-fine-tuned model.

After creating these four types of word embeddings for all of the words in the
focus corpus, | select focus words to analyze. A focus word is a word that represents
the idea or concept that you want to study. For example, | might choose
“government” as our focus word and search for the k-most similar words (nearest
neighbors) to see how it is used in the focus corpus. | hypothesize that the opinion is

expressed from this similar word set.



EXPERIMENT SETUP

Dataset

| use Thai protest Twitter data because it has enormous text generated by both
protestors and supporters. Thus, | can analyze public opinion from this corpus. In
addition, this protest has the opposition. They also have a Twitter account and
generate text during the protest time so that | can compare each group's opinion
without the time inconsistency.

The 2020-2022 Thai protests started in February 2020. The protesters, mostly
students and young adults, first emerged from the forced dissolving of the Future
Forward Party, the popular political party among the Thai younger generation. They
called Prime Minister Prayuth Chan-O-Cha to resign and called for the constitution
amendment. Then, the protest had more dynamic again after the reduction in the
Coronavirus case. In July, big rallies started again. The demand stepped further than
just the prime minister’s resignation and constitution amendment. The protest
demanded monarchy reform and revoked Section 112 or lese-majesty law. ("Explainer,”
2020)

Twitter is the key platform that protesters communicate, organize and discuss.
Due to the decentralized nature of Twitter, it allows ordinary people to influence the
movement resulting in a protest that has no clear leaders. (thaidatapointscom, 2020)
Therefore, Twitter is a great source of information for studying public opinion.

| collected the data from January 12, 2020, to September 23, 2021. The
keywords and hashtags to search for relevant tweets are from Mob Data Thailand (Mob
Data Thailand, 2022), established by Amnesty International Thailand and iLaw (Thai
NGO).

| retrieved the last 100 days of the period specifics above using Twitter API. 244
keywords are resulting in 343,729 tweets. Then, | clean the text by substituting a
newline character (\n) with a space, removing Zero width space character (\u200b),
removing the emoticon, and If hashtag characters (#) are in the middle of the tweet,
remove only #, and remove both hashtag characters (#) and text otherwise. Then, |

randomly selected 10 percent of the tweets for analysis, resulting in 34,186 tweets.



For the corpus of the opposition of the protester, | select the pro-monarchy
accounts and their follows and their followers. Then, retrieve tweets from the same
period as the protester tweets. The corpus is also cleaned by the same process as
specified before, resulting in 30,106 tweets.

To prove that contextualized word embedding is more data-efficient than the
static one, | sample 10 percent of the text of the corpus to create a smaller corpus.
The sizes of smaller corpora are approximately 3,000 tweets. It is possible to handle

by hand but is time-consuming. The datasets and their sizes are summarized in Table

1.
Name Corpus Tweets
The Protest Twitter | The Protest Twitter 34,186
Opposition Twitter | Opposition Twitter 30,106
The Protest Twitter - small | The Protest Twitter 3,419
Opposition Twitter - small | Opposition Twitter 3,011

Table 1: Corpus summary

Embeddings

The un-pre-trained static word embedding (Figure 9) utilized the skip-gram
model of word2vec (Mikolov et al., 2013). The embedding considers 5 words window
and has 300 dimensions. The embeddings are initialized randomly and then fine-tuned
on the focus corpus. | use the gensim' implementation of word2vec.

The pre-trained static word embeddings (Figure 10) are pre-trained on open-
access Thai text (Lowphansirikul et al., 2021). In total, these datasets are 4.33 GB. | use
the skip-gram model of word2vec (Mikolov et al., 2013) for static word embedding. The
model uses a 5-word window and 300 dimensions, similar to the un-pre-trained static
word embedding. The model is pre-trained for one epoch. Then, | fine-tune the
embeddings on the focus corpus one epoch to adjust the weight to acquire more

specific knowledge.

1 http://radimrehurek.com/gensim



| use the contextualized word embeddings (Figure 11) from WangchanBERTa
(Lowphansirikul et al., 2021). In addition to the data used to pre-trained the static word
embeddings, this model was also pre-trained on social media data (wisesight-large),
web forum data from Pantip.com (pantip-large), and Thai National Corpus (TNC)
(Aroonmanakun et al,, 2009). In total, the dataset of WangchanBERTa is 78.5 GB.
WangchanBERTa uses the objective function of RoBERTa (Liu et al., 2019). The model
takes a sequence of 512 tokens, and the output layer has 768 dimensions.

Lastly, | use the WangchanBERTa with the same setting as the contextualized
model for fine-tuned contextualized word embedding (Figure 12). | additionally trained
the WangchanBERTa on the masked language model task on the focus corpus for 3

epochs. Then, the final model is used to get the word embedding.

Focus corpus

>l= @

Randomly Initialized Fine-tuning Un-pre-trained static
word embedding word embedding

Figure 9: Un-pretrained static word embedding

Large amount of text
of general corpus

:>:> 2 = o

Randomly Initialized Pre-trained word

Focus corpus

Pre-trained and fine-tuned

word embedding Pretraining embedding Fine-tuning word embedding
Figure 10: Pre-trained static word embedding
Focus corpus
2 ® >
Model transforming pre-trained Contextualized
embedding into contextualized word embedding

word embedding

Figure 11: Contextualized word embedding



Focus corpus

Focus corpus
Train model on masked ; Fine-tuned
language model task coF:?ee_tt u;lgde d contextualized
m);gellz word embedding

Figure 12: Fine-tuned contextualized word embedding
After get the embedding of each type of model, | get the top 10 most similar
words of our focus words for the analysis. The most similar word is the word that has
the highest cosine similarity when comparing it with the focus word. The formula for
cosine similarity is defined in Equation 16 and the process is shown in Figure 13.
Vie-Vy i=1 XY
||]/;C||||V3,|| i/Z?:HCi i/Z?:ﬁ’i

Equation 16

Sim(Vy, V) = Cosine(6) =

Get the most similar word embedding

10 words
Focus 06| 05| .| 01 =—— 06| 04 . 01 Similar word 1
word 1 —
\'i\‘“‘ T 06| 06 | D2 Similar word 2
T
I I w | 02 Similar word 10

Figure 13: The process to get top 10 most similar word

Clustering

As contextualized word embedding has one unique embedding per occurrence,
it is possible to cluster these embeddings. | hypothesize that the uses of a word in
opposing corpora are different. Therefore, | could observe the two clusters of
embeddings.

The algorithm for clustering in this study is KMeans. This algorithm tries to assign

the data points into k groups by considering the distance between the data point and



the cluster's centroid. The number of clusters or k is predefined before running.
Kmeans works in the following steps.

1. The algorithm randomly picks the centroid of each cluster. For example, if
the k is equal to 4, there are 4 centroids.

2. The algorithm calculates the distance between each data point and the
centroids. | chose the cosine distance as a metric to make this align with the
process for similar word retrieving in the previous step. The data point will be
assigned to a cluster with the minimum distance.

3. The algorithm will re-initialize the centroid by averaging all data points within
the cluster.

4. The algorithm will repeat steps 2 and 3 until the data points do not change

the clusters they belonsg.

(Jin & Han, 2010)

Since the number of k must be pre-defined, I use the elbow method to select

the optimal k number. The elbow method runs the KMeans clustering with the number
of k starting from 1 to a reasonable number of groups. For instance, considering the
optimum number of k ranging from 2 to 10, the algorithm will run the KMeans and
calculate the average square distances between the data points to the calculated
centroid (distortions) of each k. Then, the average square distances are plotted. The
optimum k is the value at the curve suddenly decreases, called elbow point. ("Elbow
Method for optimal value of k in KMeans," 2019) The visualization of this method is

presented in Figure 14.



Elbow Method for selection of optimal “K” clusters

2.5

L5

Elbow Point

Average Dispersion

0.5

Figure 14: Example of elbow method (The Elbow Method - Statistics for Machine
Learning [Book], n.d.)

Evaluation

| evaluate the quality of the similar set given a focus word by three measures:
the proportion of the words that relate to their focus words syntactically, the
proportion of the words that relate to their focus words semantically, and the
proportion of the words that are useful for the word-based opinion analysis.

| label each word in a similar set as syntactically related to the focus words if
it is in the same syntactic tree as the focus word. Similarly, | label each word in a
similar set as semantically related to the focus word if the two words hold one of the
lexical relations drawn from Wordnet?, e.g., troponym, antonym, coordinate,
entailment, holonym, hypernym, hyponym, meronym, synonym. | use the relations
from Wordnet as an idea to assign the relation.

Note that a word in a similar set might have both syntactic and semantic

relation to the focus words, or it might have no relation to the focus word.

2 https://wordnet.princeton.edu/documentation/wngloss7wn



In the context of analyzing opposing opinions, “useful” words are defined as
those that demonstrate corpus-specific opinions that contrast or conflict with other
corpora. A useful word in a similar set should reflect the opinion expressed in the
corpus. For example, if the focus word is “protest,” words like “gather” or “assembly”
are not useful for describing opposing opinions because they reflect shared opinions
or lexical relations to the focus word. Instead, a word like U231 (“be turbulent”) from
the opposition corpus would show a negative perspective toward the protest.

| perform the Chi-square test for all of the following analysis to ensure that the

differences between the types of embedding are statistically significant.



RESULTS AND DISCUSSION

| select 9 words to analyze the result in detail, similar to the previous works in
word-based analysis in social sciences. For example, Tahmasbi et al. (2021) studied
racism against Chinese people; their focus words are “china” and “Chinese”. Because
this study has an objective to do the opposing opinion analysis, | choose 9 focus words
that represent the topic of interest of the political protest. These 9 words represent
the topic of interest and are categorized into 4 topics.

The first topic is the protest itself. Its illustrated words are N3 “deceive”, flou
“protest”, and 1580389 “demand/call for”. The word uns “deceive” originally meant
“curry” or “make a curry”. It also means “deceive”, first used in the homosexual
community. Then, the alternative became popular among the protesters. This word is
one of the various slang that emerged during the events. (Thairath, 2020) We select
this term because it expresses how the protesters and the opposition use the language
differently. Regarding 38n399 “demand/call for”, the protesters declare key demands
that the government must fulfill. Therefore, it is worthwhile to analyze the opinion
surrounding the demands.

The second topic is the opinion of the protesters toward the opposition. We
selected the term @au “Sa-im”, which is the name that the protesters call the
opposition or the conservatism in derogatory ways. (Thairath, 2021)

The third topic is the concept of nation; the focus words consist of 1%
“nation”, Uszvvu “people”, and Usena “country”. The importance of this topic
comes from the argument from the opposition. They called the protesters the haters
of the nations (3%1#) or the haters of the homeland. | translate the word %@ according
to the translation in most dictionaries. However, the word %@ or AINUSAVIG
“nationalism” for the opposition is close to the sense of patriotic or the love of
homeland instead of nationalism, while the protesters used ¥# “nation” in the sense
of nation. Therefore, one of the main conflicts between these opposing groups is due
to the different in the sense of the word %1% “nation”. (Kam-Phaka, 2019) In addition,
the word 9% in Thai usually occur with the word Usgimne “country” to form a phrase,

and sometimes the word Usgwnd “country” is used in the sense of nation. Thus, both



words should be analyzed. The word Uszv1vu “people” is important because people
are the main composition of a country, and the argument is political protest is usually
about the entity in the country, so it is worthwhile to explore this focus word.

Lastly, the topic of political policy and entity contains A% “tax” and FFua
“government”. As the protesters shouted “Our tax” and “The most delicious thing is
the people’s tax” during the demonstration, these phrases became viral (iLaw, 2021).
| select this word due to its significance. In addition, both protesters and the
oppositions call the government to do or not to do somethings, so the opposing
opinions in the word 5§u1a “government” should be considered.

After | have selected all focus words, | recheck the significance of each word
from the frequency in the dataset. Most of the focus words have a high frequency.
The percentiles of the frequencies are greater than 90 except for the word N3
“deceive” in the opposition's small-size dataset (82.02 percentile). Thus, all of them
can represent their opinions in the corpora. Al words and their percentile are

presented in Table 2.

Focus word Protestor Opposition

Small size Large size Small size Large size

dataset dataset dataset dataset
e “deceive” 94.33 98.62 82.02 96.75
¥1A “nation” 96.46 99.15 98.07 99.46
UJsgv1vu “people” 99.62 99.91 96.60 99.37
Usend “country” 99.05 99.77 98.98 99.77
Ae “tax” 96.78 99.31 94.06 98.77
fiau “protest” 99.38 99.87 97.91 99.58
%’gma “government” 98.35 99.64 98.29 99.58
i38n¥as “demand/call  97.42 99.36 90.66 98.84
for”
aﬁlu “Sa-lim” 96.94 99.29 97.64 99.51

Table 2: The percentile of the frequency of 9 selected focus word

| show similar word sets of 3 focus words in the following tables.



Contextualized word embedding Finetuned contextualized word

Un-pre-trained static word Pre-trained static word embedding
embedding embedding
Small size Large size Small size Large size Small size Large size Small size Large size
dataset dataset dataset dataset dataset dataset dataset dataset
781 "turn, ANt "right" tszdlilszuan Hnnea “Is 1seiing "protest” | tlsziing "protest” | 1lsziing "protest” | iszviag "protest”
around" "compromising" wrong?”
U "the Augu Aumaslsf "ignore” | 9197 “in spite | #@an1s "require’ | 199 "demand” | 18RI "require” siad "fight"
abbreviation that = "fundamental” of”
can refer to
several words"
194 "by oneself" WA "only" AT IR T4 *you” siad "fight" G F84n13 "require” e
"be flexible, "resist/against" "resist/against"
compromise”
4 "thing" @4 "thing" #9oula "calm” yinFreit s 28RN "require” siad "fiht" siad "fight" 7194 "demand"
“attack the
people”
LAY "play” ilusssu "be fair'  AniAza "not a Audn “not a $a910 "ask for  §asam "ask for §aq9a "ask for | N99AU "revoke”
word, unable to = word, unable request, request, request,
translate” to translate” demand" demand" demand"
umn "split, break’  dszandd/log ANTaI Anuaflgnore”  inileq "protect’  maeAl revoke' | §iiie "fight for' | aenlel "want"
"democracy" "impatience"
1N "young Qﬂﬁm "right" medicare ﬁua“part of the @:Lﬁa "fight for' = dula "drive out” = 1nilaq "protect" UAAIRAN
people” phrase "express,
live happily” demonstrate”
widag "division, | #aen "as well" ayah uaz “ (end) NN "gather” uaneqAEil guyu "gather’ | Untlaq "protect”
unit" particle "stand up for"
used at the end
of
a statement to
emphasize
it”
A "barrier’ | §uila "listen to’ | vjauilles 'argue’ | Taugeudeumny | eenlel "want" ugAsann Fan "call’ fiaanns "require”
“give "express,
in” demonstrate"
ngx "group” Remsn "Is it dnseadnsen " Fen "call” fifia "fight for" UARIANN it "fight for"
wrong?" "act in the right "show"

way'

Table 3: Similar word set of the focus word (380599 "demand/call for" from

protester corpus



Un-pre-trained static word Pre-trained static word embedding

embedding
Small size Large size Small size Large size
dataset dataset dataset dataset
an "reduce” And "right’ dszdltlszuan uad “bully”
"compromising"
19 "refer to, | Runasli "ignore” g

qﬁ "background”
“abbreviation of

claim"
people”
daagl "allow, to  aziilA "infringe” rauditieusn uaﬁl “bully”
release” "be flexible,
compromise”
Wil "see” neEUIUNIg ANNTRUIU AL "three-
"process"” "impatience” toes hoof"
14 "enter" Taunf "attack, | 19wl "calm” | wdLywaL “part
assault" of
the phrase
meaning
blindly”
1@ela "oe sorry, 163NN Wan "people” fiugdh “not a
regret” "freedom” word, unable
to translate”
nad "new" Aasinu s "behave 1A “be
"resist/against" badly" dramatic”
WA "at first” FOnE e "argue’ | U “law”
"human"
e "be fiaidiem "force” | AniAza "unable  1TaALa “control
specific” to translate" one’s
mind”
30 "vehicle' ngvang "law" ANANNIE v
"expect”

Contextualized word embedding Finetuned contextualized word

embedding
Small size Large size Small size Large size
dataset dataset dataset dataset
WaUR "anti’ 1l3z#ing "protest”  tlszving "protest” | 1lszviag "protest”
= 5 =
LATNIN 2121002 LATNIN 74 "demand”
"freedom” "resist/against" "freedom”
U "breast, milk"  #BIN1T "require” v "hang" famu
"resist/against"
TN 91724 "demand" 91724 "demand" naRY "force"
"disagree”
¢l "hard- nINUN "ask” AN "claim” DINU "ask”
working"
1Reesa "loud” F8919 "ask for 1gng "crash” FOUNA
request, "campaign”
demand"”
g "slip out" nanAu "force" agnle "want" | Faenns "require”
= Lo " T 7
311AN "store TOUNA sznia AULAYY
"campaign” "announce” "support"
io "information  Tuen "yearn for" 90U "be 414 "drive out”
operation” petulant”

1sziing "protest” | Taenne "outcry' | fiBaNNg "require” 9014 "be

petulant”

Table 4: Similar word set of the focus word 1380384 "demand/call for" from

opposition corpus



Un-pre-trained static word

embedding
Small size Large size
dataset dataset
&4 "thing - il "pot”

usually used as
the rightful thing

in the corpus”

sl "mother” #8 "subword of
the group’s
name, free
youth"
Tan "world" UHu "plan”
11 "should" unuin "leader,
mainstay"
fin "fee" wn "you"
#14130 "able to" oA "OK"

u. "the FURATaL "be

abbreviation that  responsible”
can refer to
several words"

>

. = A
FNLLG "since” AU "remind,
warn"
781 "turn, An1ui "location”
around”

4m "arrange”

Pre-trained static word embedding

Small size Large size
dataset dataset
Imtlan "fish's latlan "fish's
kidney" kidney"

Faia "Hunglei Faa "Hunglei

curry" curry"
nzvia "curry” ﬁuﬂrﬂ "Som
Khung - a Thai
dish"
furfa"som  \luamanu "green
Khung - a Thai curry"
dish"

@emau "green LN "soup”

curry"

wiRaung "spices’  Wina4 “Phrik

Khing,
one of Thai

dish”
Hune "soup” ﬁﬁéﬁ’; "Nam
Ngiao - a Thai

dish"

5 o
WAL 113 “unable to

"green curry" translate”

1930 "chili &8 “subword of

paste" the
group’s name,
free
youth”
fhdes Nam wn "chil
Ngiao - a Thai
dish"

paste"

Contextualized word embedding

Small size Large size
dataset dataset
Ao "spray Wenenusin
water" "make an

attempt on

someone’s life"

o o

NIATU "inject 1M "rancid - it

vaccine" can be used as
slang meaning

bad"

dUInTU "crash | ARARIN "set the

car scene"

&nim "intercept ufia "gas"

dan "enclose” {auf "attack”

VUL 9l "work
"disgusting" for"
ufia "gas" 41 "intercept”

1@ "rancid - it siaw "herd"
can be used as
slang meaning

bad"

au "the el "unreal”
abbreviation of

swearword"

ugf "ourn” Tuudeman
"report, inform,
notify to the

polices"

Finetuned contextualized word

embedding

Small size Large size

dataset dataset

aE < "
AU "spray AAAN "set the

water" scene"
U "beat” faelfuu
"complain”

AndATu "inject | anA "intercept”

vaccine"
ufia "gas" dau "repair’
dau "enclose” ufig "gas"

ien "be Taui "attack’
angry/boil"
T "repair’ U "beat”
4 o 8,
LATRLLL AN "spray
"uniform” water"
anm "intercept" NIEIITNIU
"bestow on"

agla "intend" 1M "rancid - it
can be used as
slang meaning

bad"

Table 5: Similar word set of the focus word Ua¥ "deceive"” from protester corpus



Un-pre-trained static word

embedding

Small size Large size

dataset dataset

WH "hair, I" 1A81 "render”

M9 "straight" “aN "shallot"

out nam "fry"
%91 "persuade” il "pot"
1 "enter" 2
18 "nation” 1}%"1; "cut"
widet "slightly” 1an "fish"

4 "put geieel "a cluster

something in" of a charactor"

L11p] "reason”

414 "side” In "chicken"

Pre-trained static word embedding

Small size

dataset
Imtlan "fish's

kidney"
g "Hunglei

curry"

ﬁuﬁ\l "Som
Khung - a Thai
dish"
@envnu "green

curry"

s "
nzuT "curry’

891 "Aom - a
kind of Thai

curry"

1UWNS "soup”

unaidieamwanu

"green curry"

Ul "breast, milk’ | 1ATEIUNY "spices"

1w3n "chili

paste”

Large size

dataset

latlan "fish's
kidney"

a1 "Hunglei

curry"

ﬁ'wfd "Som
Khung - a Thai
dish"
@envanu "green
curry"
88x "Aom - a
kind of Thai

curry"

N "soup”

11389 "Nam
Ngiao - a Thai
dish"
WINa4 “Phrik
Khing,
one of Thai
dish”
el “dry

curry”

1=
LATA LN

“spices”

Contextualized word embedding

Small size
dataset

L Al
419 rice

#in "vegetable"

21119 "food"

913 "rice noodle”

+ o
NAEILRE

"noodle”

Fin "boil”

™ "water"

9 "ginger"

9y "pork"

ifiu "cool”

Finetuned contextualized word

embedding
Large size Small size Large size
dataset dataset dataset
Siu "boil" 419 "rice” Fiu "boil"
unadu "sour 2119 "food” | and "pickled

soup made of

tamarind paste”

48t "soft- n "vegetable"

boiled rice"

Ynwgn "chili 5l "boil"
paste”
Anefen N "water"
"noodle”
Ua"7) "mackerel’ gnfien
"noodle"

lai "egg” 118 "rice noodle”

€1 "Yumn - a Thai

dish"

wy "pork’

ne# "coconut  11R9 "card, ticket"

milk"

n "fry" U3 "ginger"

fish"

unsdu "sour
soup made of

tamarind paste"
wWInEN "chili
paste”

a7 "Sukiyaki'

£ "Yum - a Thai

dish"

l9Aen "omelet”

4l "egg”

iin fry’

ned "coconut

milk"

Table 6: Similar word set of the focus word UV "deceive"” from opposition corpus



Un-pre-trained static word

embedding
Small size Large size Small size Large size
dataset dataset dataset dataset
Fu "day” sesnlauiguna a1 "mob, au “mob,
"Government protest" protest”
House"
da "open” U "day" vileda (name of fio1l “mob,
mop’s protest”
brand)
fn "leave" ot fau "mob, {8126 “mob,
protest" protest
on 26th”
&1 "million” Please newsponge 8y “mob,
(name of protest”
mop’s brand)

) pva (a type of newsponge
cleaning (name of
sponge) mop’s brand)

128 "find" ANBNTTUTA swash (name of Retweet
"public health" mop’s
brand)

1 "add" Retweet supercat (name Sfau “mob,
of protest”
mop’s brand)
yiag "division” | alun) "Hat lafgivu "mop”  supercat (name
Yai" of

wnuin "leader,

mainstay"

191 "we"

mop’s brand)

- -
AITNHLIY be-man ATTNHEY
"residence" “residence”

~ -
PN{ 970U pva (a type of
"residence” cleaning
sponge)

Pre-trained static word embedding

Contextualized word embedding

Small size
dataset
48l "mob,

protest"

esme

N

g

"protester”

PHYN "gather”

NINYN

"assembly"

n§A "the

volunteer guard"

v, " "
a8 "enclose

wnuin " leader,

mainstay"

F51sznng "coup
b

d'etat"

uein "side road"

UAAteN "tear

gas

Large size

dataset

a1 "mob,

protest"

PHUN "gather”

1A "the

volunteer guard"

Ag "car’

wnun "leader,
mainstay"

o

o

LRy

4

"protester"

alngy "Hat

Yai"

NIATU "masses”

o
2T
"vocational

students"

n133uNu

"arresting"

Finetuned contextualized word

embedding
Small size Large size
dataset dataset
dau "mob,

protest"

PHYN "gather”

NSPNYN

"assembly"

esme

N

d

"protester"

wnun " leader,

mainstay"

uein "side road"

n§A "the

volunteer guard"

1l3z¥ing "protest”

{as "robber"

dau "enclose”

THUN "gather”

81 "mob,

protest"

tlsziing "protest”

wnuYn "leader,

mainstay"

NMITAYN

"assembly"

AnnunnInd

"situation”

AU

"procession”

Il "be on

fire

n19A "the

volunteer guard"

uein "side road"

Table 7: Similar word set of the focus word Jou “protest” from protester corpus



Un-pre-trained static word

Pre-trained static word embedding = C

embedding
Small size Large size Small size Large size
dataset dataset dataset dataset
{10 "from" {8y "mob, fa1 "mob, fo1l "mob,
protest” protest" protest"

219 "beg" PUYN "gather”  vileda (name of a1 "mob,
mop’s protest"
brand)

Ha "result” 1au "be dau "mob, vileda (name of

turbulent" protest” mop’s
brand)

A4 "thing" aane "disband” newsponge newsponge
(name of (name of

mop’s brand) mop’s brand)

WUIA size" 5in994 "police” pva (a type of pva (a type of
cleaning cleaning

sponge) sponge)

90 "vehicle” L1 "burn” 1”glﬁu "mop” supercat (name

of
mop’s brand)
T "by" Qd "herd" supercat (name #uAY "three-
of toes hoof"
mop’s brand)
2 Auuas 'Din- | swash (name of o]
Dang" mop’s “Goddammit!”
brand)
2y "a" At "Crowds be-man swash (name of
Control polices" mop’s
brand)
£A "age" unuin "leader, nel dszunu
“condemn”

mainstay"

ontextualized word embedding

Small size Large size
dataset dataset
a1 "mob, ey "mob,
protest" protest"

PHUN "gather” PHYN "gather”

WALLN "leader, Wi "leader,

mainstay" mainstay"
NITNYN AIYNUN
"assembly" "assembly"

1lsiiag "protest” | tlazving "protest”

UIUNT Hegain
"movement" "protester”
19U "be 1@9UAS "Red
turbulent” shirt"
Aan "Sa-lim" uis "Gangs"
NIRTU "masses” winwdu

"motorpunk”

511994 "police” Bl91U "crowd”

Finetuned contextualized word

embedding
Small size Large size
dataset dataset
fla "mob, THUN "gather”
protest"
PHYN "gather” a1 "mob,
protest"

Wi "leader, WNLn "leader,

mainstay" mainstay"
ANINUN NITNYN
"assembly" "assembly"

1l3z#ing "protest”  1lsz¥ing "protest”

LG |@auAq "Red
shirt"

FiNgI8 ufis "Gangs"

"protester" "protester”
AT wiin “tag"
Uau 541U "crowd”

Table 8: Similar word set of the focus word dJou “protest” from opposition corpus



1. How does pre-training affect the output of the static word
embeddings in the word-based opinion analysis task?

To answer this question, | analyze the effect of pre-training in 2 criteria: the
quality of word embedding and the effect on word-based opinion analysis tasks.

This investigation examines the impact of pre-training by conducting a
comparative analysis between un-pre-trained word2vec and pre-trained word2vec
models.

In this study, embedding quality is evaluated based on the assessment of the
proportion of words exhibiting either semantic or syntactic relations that are similar to
the focus word. A high-quality embedding is expected to yield the most similar words
that possess a meaningful connection to the focus word, either through semantic
relation or through co-occurrence within the same syntactic tree. Conversely, if the
word embedding fails to retrieve words that demonstrate these relations, it indicates
a low-quality embeddins.

Based on the analysis of the similar word sets, it has been observed that when
the size of a focused corpus is small, the sets of similar words associated with the
focus words tend to lack interpretability. However, the pre-training process has
positively impacted the overall quality of the embeddings. This study quantifies the
number of words that demonstrate syntactic or semantic associations in a general
contextual sense to assess the relevance of each similar set concerning their respective
focus words.

In the case of a dataset characterized by a small sample size, pre-training of
word embeddings yields superior quality, as evidenced by the larger number of similar
words exhibiting meaningful relations within the pre-trained model. This improvement
is supported by the findings in Figure 15, where the proportion of similar words lacking
discernible relation decreased significantly from 65.0% to 36.7% (X2 test; p < 0.05).

An example of the improved word quality is shown in. for the focus word
15un394 “demand/call for”, the top 3 most similar words of the pre-trained model are
Useal-Ussuon  “compromising”, RAUNAILA  “ignore”, Biauéy’uciaua'n “be flexible,
compromise”. On the other hand, the set of un-pre-trained embedding contains

unrelated meaning words.
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Conversely, the effectiveness of pre-training in enhancing embedding quality is
not observed in the case of a large corpus. As depicted in Figure 16, the proportion of
similar words lacking any discernible relation increased from 25.6% to 41.1% following
pre-training (X2 test; p < 0.05). This result suggests that using pre-training in the context

of a large corpus does not yield the desired improvements in embedding quality.

Relation - Small-sized dataset

Mo Relation [ Semantic W Syntactic
100%

66 7
75%

50%

25%

0%
Pre-trained word2vec Un-pre-trained word2vec

model

Figure 15: Proportion of similar words with relations and no relation for un-pre-trained

and pre-trained word2vec of the small-sized dataset

Relation - Large-sized dataset

Mo Relation [ Semantic W Syntactic
100%

74 46
75%

50%

25%

0%

Pre-trained word2vec Un-pre-trained word2vec

model

Figure 16: Proportion of similar words with relations and no relation for un-pre-
trained and pre-trained word2vec of the large dataset

In word-based opinion analysis, the number of words expressing specific
information within the small dataset remains significantly low regardless of whether an
un-pre-trained or pre-trained model is employed. As depicted in Figure 17, the
proportion of words deemed useful stands at 3.3% for the un-pre-trained model and

2.8% for the pre-trained model (X2 test; p > 0.05). While the pre-training process
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enhances the overall quality of word embeddings, it does not effectively aid in
extracting valuable, corpus-specific opinions. Consequently, when dealing with an
excessively small focused corpus, a static word embedding technique such as
word2vec proves ineffective in the context of word-based opinion analysis, irrespective
of the incorporation of the pre-training process.

Here are some examples of useful words in the small set of the un-pre-trained
word2vec. The focus word Useind “country” of the protesters has the useful word
Uy “problem”. This word is useful because it shows the topic associated with the
focus word. The protestors see that there are problems in the country. The other
example is the focus word A% “tax” has the useful word n¥#»38 “monarch”. It shows
debates about the tax allocated to the royal institution. However, these useful words
still show a shallow analysis and just show the topics related to the focus words. There
is only one useful word from the opposition corpus, i.e., Useind “country” and its
similar word ¥nane “destroy”. Though both protesters and oppositions have negative
opinions on the focus word Useind “country”, oppositions see someone or an enemy
destroying the country. In contrast, the protesters focus on the problems themselves.

The number of useful words of the pre-trained word2vec is as small as that of
the un-pre-trained word2vec. The protesters’ focus word 5§UNa “government” have
similar words vin3eUvy “attack the people”, and tauanusn “play a dirty trick”. They
show a negative opinion toward the government, and the protesters distrust it. On the
other hand, the useful word of the opposition is LWATIAE “fake news”. It is quite difficult
to analyze, but when considering the text samples, the oppositions see that the
government is attacked by fake news.

Compared to a small number of useful words in the small-sized datasets, the
number of useless similar words is substantially larger. The useless words usually have
a general sense of the word instead of the corpus-specific senses. The salient example
is the set of focus word wn3 “deceive” (Table 5). In general Thai, this word originally
means curry (n.), but it means to deceive in the protesters’ corpus context. In the
protester corpus, the pre-trained embeddings yield only words related to curry types

or food. This situation occurs for other focus words.
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Out of 9 focus words, the word-based analysis can be done on just 1 to 2 focus
words with only less than half of all similar word. Thus, this task is not recommended
when the training set is insufficient.

Moreover, the effectiveness of pre-training for word-based opinion analysis in
a large-sized dataset is also limited. Figure 18 illustrates that the proportion of useful
words declines significantly from 62.8% to 26.1% following the application of pre-
training (X2 test; p < 0.05). These findings suggest that pre-training does not yield
favorable outcomes in enhancing the extraction of valuable words for opinion analysis
in a large dataset.

There is an example in the case of the focus word fiou “protest”. In the Thai
language, “mob” is used in the sense of protest and gathering together without the
negative connotation. This word is transliterated in Thai, and its spelling is homograph
and homophone of the transliterated word “mop”. In Table 7, the sets of the pre-
trained models contain several mop brands, e.g., vileda, newsponge, supercat, pva.
The other similar words are the word meaning protest in varied spelling that does not
express any corpus-specific meaning. On the other hand, a similar set of the un-pre-
trained models does not contain any words related to cleaning applications. This
means the un-pre-trained model is better at extracting corpus-specific meaning.

Therefore, when dealing with a sufficiently large focused corpus, it is observed
that similar sets derived from un-pre-trained word embeddings yield more valuable
and corpus-specific outcomes compared to the sets derived from pre-trained word

embeddings.
Usefulness - Small-sized dataset

5 B Useful @ MNotUseful

100%

T75%

50%

25%

0%

Pre-trained word2vec Un-pre-trained word2vec

maodel

Figure 17: Proportion of useful words from a small-sized dataset
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Usefulness - Large-sized dataset

B Useful @ MNotUseful
100%
5%

50%

25%

0%

Pre-trained word2vec Un-pre-trained word2vec

model

Figure 18: Proportion of useful words from a large-sized dataset

This outcome can be attributed to a significantly large open-access Thai text
corpus (Lowphansirikul et al., 2021), which encompasses a size of 4.33 GB. Pre-training
enhances the quality of word embeddings within small-sized word2vec models, as the
focus corpora in these cases are too limited to effectively adjust the embedding
weights from random initialization to their optimal values. However, the
aforementioned Thai text corpus, being considerably larger in scale compared to the
focus corpora under investigation, presents challenges when further training the pre-
trained Word2Vec model. This could result in minor weight adjustments or introduce
noise into the embeddings. Consequently, it is advisable to refrain from employing
pre-training techniques for static word embeddings for large datasets.

Which of the two embeddings is more useful in delineating the opposing
opinion in two opposing focus corpora?

Based on the findings presented in Figure 19, the un-pre-trained word2vec
model demonstrates the highest count of useful words, with 119 out of 360 words
(33.06%). The contextualized model, specifically WangchanBERTa, follows closely with
97 out of 360 words (26.94%) identified as useful. The fine-tuned WangchanBERTa
model ranks third in usefulness, with 80 words (22.22%). Conversely, the pre-trained
word2vec model exhibits the lowest number of useful words, with only 52 words
(14.44%) identified as valuable (X2 test; p < 0.05). These findings indicate that the un-

pre-trained word2vec model is the most effective for distinguishing between two
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contrasting corpora. In contrast, the pre-trained word2vec model is not recommended

for word-based opinion analysis tasks.

The number of useful similar words
125

100
75
50

25

0
Pre-trained word2vec Un-pre-trained WangchanBERTa Fine-tuned
word2vec ‘WangchanBERTa

model

Figure 19: Number of useful similar words in delineating opposite opinions of each
model

Nonetheless, when considering the influence of dataset size, it is evident from
Figure 20 that static word embeddings demonstrate limited effectiveness in the
context of word-based opinion analysis on a small corpus. The pre-trained and un-pre-
trained models yield minimal useful words, constituting only 2.78% and 3.33%,
respectively. In contrast, the contextualized models exhibit superiority in this regard.
Specifically, WangchanBERTa captures some opposing opinions in 24.44% of the similar
words (44 out of 180), followed by fine-tuned WangchanBERTa at 22.22%. These
findings underscore the advantages of employing contextualized models over static
word embeddings when dealing with smaller corpora in word-based opinion analysis
tasks.

With a larger corpus, un-pre-trained word2vec outperforms others, with 113
useful words out of 180 (62.78%). WangchanBERTa has 53 (29. 44 %), and pre-trained
word2vec has 47 useful words (29. 44 %). The fine-tuned WangchanBERTa, the second

most useful in the small-sized dataset, has the lowest number of useful words of 40

words (22.22 %). (X2 test; p < 0.05).
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The number of useful similar words - Small-sized dataset
50

40
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Pre-trained word2vec Un-pre-trained WangchanBERTa Fine-tuned
word2vec WangchanBERTa

model

Figure 20: Number of useful similar words in delineating opposite opinion of each

model of the small-sized datasets

The number of useful similar words - Large-sized dataset
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Pre-trained word2vec Un-pre-trained WangchanBERTa Fine-tuned
word2vec WangchanBERTa

model

Figure 21: Number of useful similar words in delineating opposite opinion of each
model of the large-sized datasets

The analysis above reaffirms the recommmendation against utilizing word-based
opinion analysis for small corpora due to the observed limitation in the number of
useful words. Even the most effective model in the small corpus setting yields only
44 useful words, which is still lower than the count achieved by the least effective
model in the large corpus, amounting to 47 useful words. Therefore, it is evident that
this form of analysis is more suitable for a sufficiently large corpus, as it facilitates a
more robust and reasonable opinion analysis.

The following is an example of the opposing opinion analysis utilizing un-pre-
trained static word embedding on a large dataset. Regarding the protest, | can observe
diverse opinions between the two groups. In terms of the demands of the protest -

15un399 “demand/call for” (Table 3), both groups’ most similar words are the words
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right but differ in spelling; avis “right, e.g., a right to education” is of the protesters,
and @3 “right, e.g., a right to education” is of the opposition. However, the rests are
different. The protesters' set focus on what they demand, such as ﬂﬁugm “fundamental
- sub word of fundamental rights”, A “thing - usually used as the rightful thing in the
corpus”, usssu “fair - sub word of faimess”, Us¥asulag “democracy”, QnAes
“rightful”. On the contrary, the word 138n584 “demand/call for” is similar to the word
with negative meanings such as agilln “infringe”, Tau@ “attack, assault”, Mo
“against”, and §aLBn “force”. | can observe the text in the opposition corpus that say
the protester called for their fundamental right, but they infringed on others' right.

Allin all, contextualized word embedding is the only choice for a small corpus,
while un-pre-trained word2vec is the greatest model for a large corpus.

How do static and contextualized word embeddings behave differently in
word-based analysis?

In this section, | will investigate why the un-pre-trained static word embedding
is more advantageous than the contextualized model and analyze the different
behaviors of the static and contextualized word embeddings.

This section investigates the hypothesis concerning the association between
the ability to distinguish between opposite corpora and the specific type of lexical
relationship between a focus word and its similar words. To explore this hypothesis
further, a categorization scheme is implemented, classifying each similar word within
the corresponding set into three distinct categories: syntactic relation, semantic
relation, and no relation. To exemplify this categorization, consider the focus word fiou
“protest”, which exhibits a syntactic relation with the similar word A5 “car” due to
the modification of “protest” to form the phrase “car protest”. Conversely, the focus
word $5uUna “government” and the similar word H1gAU “opposition” demonstrate a
semantic relation as they both belong to the same semantic network. They are
coordinated because they are under the same hypernym. Lastly, the focus word
Usena “country” has no discernible relation with the similar word I8 “tired”.

Subsequently, the proportions of useful words within each specific relation
category are computed. Figure 22 shows the percentage of useful words in each

relation given the word relation. The analysis reveals that similar words exhibiting a
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syntactic relation exhibit the highest rate of usefulness, with 40.92% of these
syntactically related words being deemed useful. In contrast, only 23.09% of the
semantic-related words are classified as useful. Moreover, similar words lacking any
discernible relation exhibit the lowest rate of usefulness, with only 13.19% of these
words being considered valuable (X2 test; p < 0.05). These findings underscore the
favorable nature of syntactic relations in generating useful words for word-based

opinion analysis, as evidenced in Figure 22.

Usefulness of each word relation

50.00%
40.00%
30.00%

20.00%

Percent of the useful word

10.00%

0.00%

Mo Relation Semantic Syntactic

Relation

Figure 22: Usefulness of each word relation

| will begin with the semantic relation to demonstrate how each relation is
useful in opinion analysis. There are some examples of useful similar words with
semantic relations. The salient examples are those of the focus word 18 “nation”. In
both sets, there is a word WHuAY “kingdom”. This word also has a sense of father land,
so both protesters and oppositions have the same opinion. From sampling text data,
both groups have an emotional attachment to the word %18 “nation” because it
relates to their father land. However, the differences show in the set of the opposition.
The concept of ¥1@ “nation” connects to the tradition and royal institution, expressed
by the words Tausss “culture”, wWsgumnEnse “king”, and fn@un “religious”. They
also refer to the word @1s11@ “foreign/ foreigner”, and ne “Thai”, so their concept of
a nation relates to the contrasting identity, themselves and others. On the contrary,
the concept of ¥1@ “nation” of the protesters is focused on within the boundary of
Thai nationality and does not mention other nationality. In addition, some phrases

express their anger.
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There are similar words syntactically related to the focus word. For instance,
the similar word 47 “evil” usually forms a phrase with the focus word to be YRt
“scumbag/bastard”. The similar word Y&l “rob” is combined with %@ “nation” to be
Uauwd “rob the nation”. This phrase shows the protesters feel the government is
causing damage to the nation. In addition, the word n§34 “action/sin” are in the same
syntactic tree, i.e., “to be born in the nation (%) is a sin (N554).” It expresses sorrows
of the protesters. Another example is from the focus word $§UNa “government”, the
similar word dufu “heel/damn” is formed with the focus word to be a phrase $§u1a
duAY “damn government”. The similar word is a modifier of the focus word. The
advantages of the syntactic relation are that it can observe some patterns or phrases
showing the content in the text.

An example of a useful word that does not have any relation is nnsiite “evil
soldier”. The protesters expressed their anger due to the scandal associated with the
Thai army. They feel that the evil government and soldiers cause the nation's decline.

The examples above illustrate how each relation is useful. However, the
superior of the syntactic relation is not only because they show some phrases or
patterns, but they usually represent the corpus. When sampling the text to analyze, it
can be observed that the text in the corpus more align with the interpretation of the
syntactic relation of similar words.

Examining lexical relationships within  both the un-pre-trained and
contextualized sets uncovered a distinct dissimilarity in the distribution of syntactic
relationships. Notably, the un-pre-trained word2vec set demonstrated the highest
proportion of syntactic relationships. In contrast, both WangchanBERTa and Fine-tuned
WangchanBERTa exhibited the lowest proportion of syntactic relations, with a similar
distribution pattern observed between the two (refer to Figure 23). This discrepancy
suggests that the un-pre-trained model can differentiate between opposing corpora by
generating similar words that exhibit syntactic relationships with the focus word.
Consequently, these findings underscore the valuable insights the un-pre-trained

model can provide for word-based opinion analysis tasks.
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Relation of the similar words of each model
Mo Relation [ Semantic [ Syntactic
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Figure 23: Relation of the similar words of each model

To do further analysis, | compare the top 2 most useful words embedding of
each dataset. According to Figure 20, WangchanBERTa and Fine-tuned WangchanBERTa
are the top 2 most useful models for small-sized dataset. Figure 24 shows that
syntactic relation is the most useful word relation for delineating 2 corpora. (X2 test;
p > 0.05) The result of the large-sized dataset is aligned with the small dataset. (Figure
25) The un-pre-trained model’s syntactic top relation makes it more beneficial for
word-based opinion analysis than the contextualized model, where 60.6% of similar
words have a semantic relationship expressing less corpus-specific information.

The contextualized model often yields the nearest neighbors with synonymous
relation with the focus word, making it less suitable for opinion mining. This aligns with
the findings of Bommasani et al. (2020), where contextualized embeddings performed
best on synonym prediction. Unlike static embeddings, the contextualized model also

tends to have nearest neighbors with the same part of speech as the focus word.
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Figure 24: The comparison of useful relation of the top 2 useful word embedding of

small-sized dataset
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Usefulness of each relation - Un-pre-trained word2vec (Large) Usefulness of each relation - WangchanBERTa (Large)
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Figure 25: The comparison of useful relation of the top 2 useful word embedding of
large-sized dataset

The following are examples to support this conclusion. Considering un-pre-
trained sets, for example of the focus word feu “protest” (Table 7), the similar word
A1§ “car” modifies the focus word Sy “protest”. These words show that the protester
conducted a “car mob”. The similar word of the opposition corpus (Table 8), U3 “be
turbulent”, the focus word foy “protest” is an actor who makes the turmoil and
turbulent. The focus word ey “protest” is a complement of the similar word, @ane
“disband”. The opposition corpus contains texts about the crowd control police
disbanding the protest. These syntactic relations give a clear picture of the opinion of
each corpus.

On the contrary, the contextualized model gives similar words with semantic
relations more than syntactic ones. There are several synonyms of the focus word fiou
“protest”; for instance, 18%U “masses” (protester corpus), and N1TYUYU “assembly”
(Table 8). Or the example of 387599 “demand/call for” from Table 3 and Table 4,
there are troponyms, e.g., "3 “demand, claim”, entailment, e.g., Sau8 “ask for
request, demand”, and entailment, e.g., 871U%1 “ask, inquire”. These semantic words
do not show the content in the focus corpus.

At this point, the major arguments hold. The static word embedding overfit the
data, making it the best model for word-based analysis tasks. The contextualized word
embedding pre-trained on the large dataset is less advantageous. It mostly gives the
most similar word semantically related to the focus word.

At this point, the major arguments hold. The static word embedding overfit the

data, making it the best model for word-based analysis tasks. The contextualized word
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embedding pre-trained on the large dataset is less advantageous. It mostly gives the
most similar word semantically related to the focus word.
To gain best practices for when and how to apply static and contextualized
word embeddings in the analysis of two opposing opinions
The results confirmed that un-pre-trained word embedding is the most
effective word-based opinion analysis for delineating opposing opinions. However, the
un-pre-trained word embedding yields one embedding per word, so it cannot analyze
polysemy. In addition, it requires the pre-determined separated corpora before training
a separate word2vec model to create the word embeddings representing the corpora.
Therefore, this section aims to explore the feasibility of conducting word-based
opinion analysis in scenarios where the text comprises a blend of opinions.

4.1 Clustering the instances of contextualized word embedding into 2 clusters

to find whether the instances’ embeddings can delineate opposite opinion

corpora

First of all, contextualized word embedding yields one unique vector per
instance of the word. For example, if the word “protest” occurs N times in total, N
vectors represent the word protest. In this sub-section, | hypothesize that the word
embedding of the words that appear in different corpora are significantly different.
Thus, it is possible to cluster the embedding into 2 clusters. In addition, Figure 26
shows how to cluster each focus word's word embeddings into 2 clusters. There are N
instances of a focus word. Each instance has its unique embedding. Then, all of them
are fed into KMeans model. The results of the model are the cluster 0 or cluster 1 for

each instance of focus word.

Focus word 1 | EE—— 04 a4 - 0.5 \\ /r a
F 2  —— 03 0 . 08 [~ N / .l 0
7’ KMeans < .
- . A —
Focus word 3 -0.2 -0.% 02 //, \\\ =
o
e N
/) oY
/
% N

Focus word n ™ o1 0.6 . -0.5

Figure 26: Process of clustering contextualized word embedding into 2 clusters
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Following the clustering process, a reassicnment of labels is conducted for the
clusters identified by KMeans. Both possibilities are considered due to the potential
ambiguity in interpreting cluster 0, representing either a protester or opposition corpus.
In the initial evaluation, cluster 0 is labelled a protester corpus, while cluster 1 is
designated an opposition corpus. Subsequently, the performance of the word
embedding distinguishing between the opposing corpora is assessed using the macro-
averaged F1 score as the evaluation metric. The actual corpus from which the
embedding originates serves as the gold standard for this evaluation.

The obtained macro-averaged F1 scores for the first alternative are displayed
in Table 9. The mean of macro-averaged F1 score for this alternative is 43.81, with a
median value of 41.99 and a mode of 50.48. Notably, among the focus words, the third
layer of the focus word 1% “nation” achieves the highest macro-averaged F1 score of
71.91, while the fourth layer of the focus word Useu1uuU “people” attains the lowest
score of 21.90.

The results of the alternative labelling are similar to the first labelling. The
mean of macro-averaged F1 score is 40.97, the median at 41.03, and the mode at
30.05. The maximum score is the score of the eighth layer of the focus word ¥
“nation”, which is 70.75, and the minimum score is the score of the fifth layer of the
focus word Usgunvu “people”, which is 22.53.

In conclusion, it is impossible to differentiate the corpus from word embedding
by clustering. Although the best performances have the macro-averaged F1 score over

70, it cannot conclude which layer is the best, and the rest layer performs poorly.



Focus word 1 2 3 4 5 6 7 8 9 10 11 12

Iuﬂa “deceive” '51A13 | 42.27 | 31.66 I29.63 I51.07 | 50.48 '50A48 '50A48 '50,48 | 32.60 | 37.55 | 50.95
1@ “nation” 60.77 64.28 71.91 70.98 28.76 37.58 57.89 2838 37.77 62.70 53.79 36.25
Usemwu “people” 28.38 40.10 23.74 21.90 45.64 4555 4541 4540 45.40 22.17 22.37 45.04
sz “country” 59.31 67.54 39.72 51.34 39.43 57.38 39.21 50.93 51.28 38.11 39.24 39.95
M “tax” 57.59 3521 35.19 32.17 41.99 5538 41.39 59.76 44.28 34.48 38.64 40.92
fiou “protest” 40.50 39.56 25.65 46.76 4891 40.01 48.79 40.71 40.93 40.95 43.47 44.48
3§11 “government” 58.71 49.29 4155 58.62 34.25 34.17 38.86 36.57 34.13 59.27 60.42 32.77
iFon¥eq “demand/call for” 41.94 4359 2541 39.82 4358 44.09 51.06 40.38 40.45 2520 52.31 5637

aay “Sa-lim”

55.04 52.24 44.45 50.48 39.73 44.37 39.67 39.81 39.61 43.34 45.03 40.46
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Table 9: macro-averaged F1 score of the labelling scheme: 0 as Protester and 1 as

Opposition

Focus word 1 2 3 4 5 6 7 8 9 10 11 12
LAY “deceive” I35.41 I43‘75 I49‘77 I50‘78 29.20 I3O,05 30.05I30,05 30‘05I49‘46I46412I30,00
%1F “nation” 2922 2172 2676 26.68 64.96 5595 41.45 70.75 56.17 30.17 4223 47.02
Use919u “people” 50.13 36.73 44.92 45.61 22.53 23.19 23.90 2394 23.94 46.04 45.94 2529
Jsend “country” 33.76 29.49 39.86 37.68 39.34 40.24 40.40 46.41 46.05 39.36 56.99 41.67
e “tax” 31.92 51.72 43.13 58.06 37.56 34.23 38.78 30.45 32.75 43.47 41.45 40.24
dou “protest” 40.76 42.85 4873 38.22 25.17 43.64 25.44 4172 41.05 41.03 39.81 39.42
vﬁU’la “government” 35.24 40.49 3837 34.90 59.72 59.87 41.01 55.67 59.88 34.43 33.81 62.02
3un¥o9 “demand/call for” 44.11 47.67 50.96 46.99 44.63 42.07 2566 50.09 48.48 50.36 38.55 34.61
Ay “sa-lim” 4238 43.10 40.61 42.87 44.03 50.42 44.71 44.72 44.15 38.88 39.68 44.64

Table 10: macro-averaged F1 score of the labelling scheme: 0 as Opposition and 1

as Protester

4.2 Clustering the instances of contextualized word embedding into multiple

clusters to find whether it is possible to study polysemy from word

embedding

The clustering process follows the methodology depicted in Figure 26, where

the number of clusters is determined using the elbow method based on the distortion

metric. Subsequently, the KMeans model assigns cluster labels to each instance of the

focus word. A comparison is then made between the instance word embedding and
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the average contextualized word embedding, allowing for identifying the most similar
words (as illustrated in Figure 27). These similar words’ frequencies within the cluster
are subsequently recorded. Figure 28 is an illustrative example, showcasing the process
of tallying the frequency of similar words within Cluster 0 of a given focus word. The
top 10 most frequently occurring similar words represent the cluster, contributing to

interpreting the cluster’s meaning.
Focus word 1
Word embedding of an instance of focus word Average word embedding
— 06 o5 . 01— of w1

0.4 02 . 08 % Wod2

Figure 27: Process of finding the most similar words for each instance of a focus word

Similar word | Frequency

word 2 3
Cluster 0 word 3 3

word 4 3
Instance of focus word Similar words from average word embedding

word 5 3
Focus word 1 word 1, word 2, word 3, word 4, word 5, word 6. word 7, word 8. word 9, word 10

word 6 3
Focus word 2 word 2, word 3, word 4, word 5. word 6, word 7, word 8, word 9, word 10, word 11

word 10 3
Focus word 4 word |, word 2, word 3, word 4, word 5, word 6, word 10, word 11, word 12, word 13

word 1 2

word 7 2

word 8 2

word 9 2

Figure 28: Example of how to count the frequency of similar words in Cluster 0 of a
focus word

The interpretations of clusters for each focus word are in Table 11.
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Focus word

Cluster

Interpretation

uny “deceive”

Meaning related to the protest

Meaning related to the protest

Meaning related to the protest

Meaning related to food

Meaning related to food

Not related to both food and the protest

Not related to both food and the protest

¥1§ “nation”

olo|lu|pr|w|N

Meaning related to the institution

-

Abuse words

Meaning related to life, e.g., ‘zﬂﬁﬁ “this life”, 1At “next life”, ATLE “past life”

Race

National team

Uszv1vu “people”

ol R |w N

Meaning related to people

-

Meaning related to people

Meaning related to people

Meaning related to people

Meaning not related to the focus word

Meaning not related to the focus word

Uszma “country”

oclu|pr|lw N

Country, state, nation

-

Administrative district

Country, state, nation

Country + conj.

Country + conj.

a8 “tax”

o|lpr|w N

Right from paying tax

-

Tax fraud

Government budget, VAT

Bribe

flou “protest”

o|lw N

Name of the protest event, making an appointment

-

Arrest, confrontation

Protester, mainstay

Alliance

Meaning not related to the protest

3guna “government”
3

o|lr|w N

Government

-

Government

Government

Meaning not related the focus word

Meaning not related the focus word

3un¥a9 “demand/call

»

for

Protest, fight for

Protest, fight for

Protest, fight for

Protest, fight for

Protest, fight for

Protest, fight for

Meaning not related to the focus word

aAw “Sa-lim”

olo|lu|lr|lu|lN

Meaning related to the focus word

-

Meaning related to the focus word

Meaning related to the focus word

Meaning related to the focus word

Meaning related to the focus word

Meaning related to the focus word

CNE RGN N NN

Meaning related to the focus word

Table 11: The interpretation of the cluster
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According to the Table 11, ¥% “nation”, A% “tax”, and fiav “protest” are
the focus word that shows polysemy distinctly. Some of the focus words have few
senses than the number of clusters, e.g., W4 “deceive”, Use¥1vU “people”, Useind
“country”, %’gma “government”, and S8n389 “demand/call for”. a?{m “Sa-lim” is the
only word that cannot detect polysemy from the interpretation.

Subsequently, the weighted proportion of corpora within each cluster is
calculated. The corresponding charts illustrate these proportions for all focus words in
the appendix. The observed distribution of corpora within the clusters reveals that
distinct corpora exhibit varying distributions of subsenses. This discrepancy in
distribution suggests the presence of divergent opinions within the opposing corpora.
Thus, it can be inferred that the dissimilar distributions of subsenses serve as evidence
of differing opinions among the opposite corpora.

A text sampling process is employed for each cluster to ensure the accuracy
of interpretation. The findings reveal that for 8 out of 9 focus words, there are no
discernible differences in meanings between the clusters. Consequently, the
interpretation can only be verified for a single focus word, namely %18 “nation”. Most
of the sampled texts within this cluster align with the proposed interpretation.
However, it is noteworthy that the meaning conveyed by the sequences of words
differs substantially between the two corpora. For instance, in cluster 1, the usage of
the word %18 “nation” is associated with abusive language. Both corpora employ the
term 1A% “scumbag/bastard” as an abusive expression, yet the specific topics
surrounding these derogatory terms diverge between the opposing corpora.

Regarding the 8 out of 9 focus words that do not have different meanings, the
possible explanation for this situation is that the word embedding encodes a slight
difference in meaning, although the texts are not different.

In conclusion, contextualized word embedding can depict some polysemy but

should not be used for delineating opposing corpus.
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4.3 Using the sequence embedding from WangchanBERTa to cluster opposite

opinions and studying opinions from the word2vec model

Based on the findings presented in Section 4.2, it was observed that the
disparity between corpora primarily manifests at the sequence level rather than the
word level. Consequently, clustering was performed using sequence embeddings to
segregate the distinct opinions. WangchanBERTa provides the CLS token embedding,
which effectively captures the overall meaning of the sequence. Furthermore, as
indicated by the outcomes discussed in Section 2, the un-pre-trained word2vec model
emerged as the most suitable model for distinguishing opposing opinions. Following
the clustering of sequence embeddings into two distinct clusters, a word2vec model
was trained on each text cluster. Subsequently, a comparison was conducted between
the most similar words derived from the newly trained word2vec model and the un-
pre-trained word2vec model utilized for the original corpus analysis.

The clustering methodology employed in this study remains consistent with
the approach described in the preceding section. Specifically, the KMeans algorithm
was utilized with a designated number of clusters set to two. The subsequent step
involved relabeling the clusters in two distinct ways: assigning cluster 0 to represent
the protester corpus and cluster 0O to represent the opposition corpus. The
effectiveness of the word embedding in distinguishing between these opposing corpora
was subsequently evaluated using the macro-average score as a performance metric.
The evaluation process involved comparing the embeddings with the respective actual
corpus from which they originated, thereby utilizing the actual corpus as a gold
standard for assessment.

The evaluations of both labelling show that clustering sequence embedding
performs poorly. The first labelling scheme has the macro-averaged F1 score of 36.76,
and that of the second labelling is 33.67, lower than 50. Thus, | opt not to train

word2vec from the clustered text as the clustering is inaccurate.
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4.4 Using the WangchanBERTa classifier to predict the corpus of text and

training word2vec from the predicted corpus

As Figure 5 (b) describes, sequence classification is a downstream task of

WangchanBERTa. | expect the classification to yield more accurate results than the

clustering in 4.3.

1.

This experiment is done in the following steps.

Sampling 4,000 tweets from each corpus and splitting again into 3,000, 500,
and 500 for train, validation, and test sets.

Combining the train set of both corpora, repeat this step on the validation
and test sets.

Shuffling the tweet in all three sets.

Training the classifier model to predict the corpus and evaluate the classifier
on the test set.

If the macro average of the prediction result of the test set is over 80, this
classifier is used to predict the rest of the text (56,292)

Evaluating the predicted set again to ensure the macro average is above 80.
If the macro average is above 80, combine the text with the same corpus
label.

Training word2vec on each corpus with the same parameter as un-pre-trained

word2vec.

The classifier used in this study was trained using the WangchanBERTa model.

The input to the classifier consisted of the CLS (classification) token. The training

process involved training the classifier for a total of four epochs.

Overall, the classifier considerably outperforms the clustering in 4.3. The

macro-averaged F1 score of the test set is 83. The evaluation of the rest of the text

(56,292) is 84. Therefore, this prediction should be accurate enough.
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precision recall fl-score support
Protester 0.8187 0.9005 0.8576 30,186
Opposition 0.8699 0.7694 0.8166 26,106
accuracy 0.8397 0.8397 0.8397 0.8397
macro avg 0.8443 0.8349 0.8371 56,292
weighted avg  0.8424 0.8397 0.8386 56,292

Table 12 :The report for classifier evaluation on the rest of the text (56,292)

Subsequently, the word2vec model was trained using the predicted corpora,

and the most similar words to the focus words were obtained. These sets of similar

words from the predicted corpus were then compared with the sets of similar words

generated by the un-pre-trained word2vec model trained on the original corpus. In this

comparison, the un-pre-trained word2vec model of the original corpus served as the

gold standard, as it was established in section 2 that this model outperformed others

for word-based opinion analysis.

The correctness score was computed to ensure an unbiased evaluation. Each

similar word was assessed, and if it was found to be present in the gold standard set,

the score was incremented by 1. Subsequently, the total score was divided by 10. The

correctness scores obtained are presented in Table 13.

Focus word Protester Opposition
e “deceive” 0.6 0.3
Y16 “nation” 0.6 0.8
Use919U “people” 0.5 0.4
dsend “country” 0.8 0.9
219 “tax” 0.7 0.9
fiau “protest” 0.9 0.2
33u1a “government” 0.6 0.5
Sun¥a9 “demand/call for” 0.6 0.3
a@u “Sa-lim” 05 0.2
Average 0.64 0.5

Table 13: The correctness score of the similar word sets from the predicted corpus
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In general, the word2vec predictions associated with the protester exhibit a
higher degree of similarity to the established gold standard than those associated with
the opposition. Specifically, all sets of focus words related to the protester consistently
attain a score of at least 0.5, whereas the opposition's minimum correctness score is
0.2. Consequently, the protester demonstrates an average correctness score of 0.64,
while the opposition achieves an average of 0.5.

Thought the correctness score is not that impressive, the similar words from
word2vec shown in Table 14 and Table 15 show that the predicted corpus is still
useful. The meanings of words in similar sets of both gold standard word2vec and
predicted word2vec are not diverse.  For example, the focus word 158n399
“demand/call for” of protester corpus has the correctness score of 0.6, but it is still
possible to recognize that the text in the predicted corpus is about demanding fairness.
The other example is the focus word fiou “protest” from the opposition corpus. This
focus word correctness score is only 0.2, but it is still possible to observe a negative
opinion toward the protest from the opposition by the words yn “trespass”, and ﬁ:EJ

“tramp”. It seems that the opposition think that the protesters are the cause of the

unrest.

Focus word Word2vec (Gold standard) Word2vec from predicted corpus

LY “deceive” nile “pot”, g5 “subword of the group’s 7ile “pot”, g5 “subword of the group’s
name, free youth”, nu “plan”, LAY name, free youth”, Tata “OK”, un “you”, a?d
“leader, mainstay”, 0 “you”, Tam “OK”, | “conclude”, Sulinwau “be responsible”, Ag
SURRIRU “be responsible”, LHau “talk”, amw‘x’i “location”, W3 “free”, viaen
“remind, warn”, amuﬁ “location”, 99 “deceive”
“arrange”

PF “nation” 49 “hate”, 65"3 “evil”, ‘1/11/17‘51,‘17"1/8 “bad ‘BI"J “evil”, 49 “hate”, flavaiuiu “three-toed
soldier”, wiufu “kingdom”, flauanuiy hoof protest”, WiuAY “kingdom”, A&wWA
“three-toed hoof protest”, Jsan “religious”, '1/11/1'131,17!'1,&1 “bad soldier”, asena
“parasite”, Wi “authentic”, Qmwi “lineage”, ANUIN “go to hell”, Uszan
“wicked”, asena “lineage”, Udu “rob” “people”, 1UsH “hungry ghost”

Usganu ¥ “harm”, Useanaues “people”, y¥1e “harm”, Useanaul “people”, aouuvu

“people” Yuv. “Abbreviation of people”, anauwny “repay”, w5519 “king”, Ut. “Abbreviation
“repay”, Uszv1vuas “people”, UUv. of people”, $aun “bully”, Ussrvusy
“anti-graft panel”, ﬁmg “enemy”, T “people”, LusAm “betray”, Uszy1vuoy
“ves”, Untlas “protect”, n38? “Really?” “people”, adh “evil”
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ABULNY “repay”, AN “devour”, Lan
“devour”, &e “buy”, @ianns “welfare”,

WA “betray”, 9 “money”

Focus word Word2vec (Gold standard) Word2vec from predicted corpus
Jssine anen “decline”, Uszinew1d “nation”, Wsun “develop”, W3ty “prosper”, Wu
“country” W35y “prosper”, ﬂismmﬁa “damn “putrid”, Uixmmﬁs “damn country”, @3¢
country”, Wg “putrid”, Un “country”, | “unfortunate”, UsgmAvnf “nation”, &4
024 “hinder”, iows “tired”, %78 “hinder”, AnAU “unmitigated”, Uszina
“unfortunate”, WeN “develop” W98 “damn country”, Glﬂ[?];W “decline”
ME “tax” 918 “pay”, Wou “month”, 3u “money”, | 918 “pay”, BU “money”, WoU “month”, 419

“employ”, siaulnu “repay”, Waee “waste”,
wAn “devour”, LUIAM “betray”, AN

“devour”, Wsz3191 “king”

fou « protest”

535UlBUigua “Government House”, $u
“day”, 1t , Please, , @151350dsEY

“public health”, Retweet, walne “Hat

. a « 3 \~
Yai”, 59518V “residence”, ),..(

A15715042gY “public health”, sssudlsusyua
“Government House”, Please, ,rt, Retweet,
= 1 . ! .

)L walug) “Hat Yai”, nsgane (misspelled

word), U “day”

shell”, wnA1 “Wipe your eyes.”, yn

“rancid - it can be used as slang

meaning bad”, nsviatl “Tv”, ¥ “be
engrossed in/be busy with”, ﬁ:mgﬁ:u
“open eyes”, ViTUYMIEU “to be blind (in

belief)”, A “also”, 'ﬁ’ﬁmfg “feel annoyed”

Fua 189e “bad”, du “heel”, iy “foot”, 3U. “Abbreviation of government”, L8%1¢

“government” Auwiad “fail”, foudu “damn protest”, “bad”, Uszwnedu “damn country”, &
Usemadu “damn country”, Su. “heel”, ¥a “sub-word of misspelled of
“Abbreviation of government”, G government/bind”, iy “foot”, duRu
“heel/damn”, Tes “cheer”, §§§Um “heel/damn”, 851 “sub-word of misspelled
“damn government” of government”, 913 “be beautiful”, HANaN

“be erroneous”

Baniaq a3 “right”, ug “fundamental”, ue #lugnu “fundamental”, i3 “right”, &30

“demand/call “only”, 5\‘1 “thing”, vusssu “be fair”, “freedom”, Winfigy “be equal”, vusssu

for” Usgdulng “democracy”, gndes “right”, | “be fair”, 38U “standpoint”, Banse “Is it
e “as well”, Suila “listen to”, Aamse wrong?”, 11 “he/she/they”, gndios “right”,
“Is it wrong?” ﬁ"w%’] “as well”

@Ay “Sa-lim” WNLums “open eyes”, N¥a1 “coconut LNAT “Wipe your eyes.”, nga1 “coconut

shell”, w@ “face (may be from Facebook)”,
ﬁmﬂﬁu “open eyes”, \UNLUAT “open eyes”,
1 “be engrossed in/be busy with”, A

“misspelled pussy”, imez “phrase
that cannot translate without contex”, (?Tu

“wriggle”, ANAU “unmitigated”

Table 14: The similar word sets of gold standard protester and predicted protester

corpus
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Focus word

Word2vec (Gold standard)

Word2vec from predicted corpus

N9 “deceive”

1997 “render”, vty “shallot”, vion “fry”,

nifo “pot”, @ A “cut”, Uan “fish”,
gyge “a cluster of a character”, Uy

“breast, milk”, 1n “chicken”

gyyy “a cluster of a character”, ﬁﬂ “shrimp”,
1R “pour”, A&28 “banana”, VU “carry”, ¥4
“bowl”, e “render”, U1 “throw”, Wio

“spicy”, u “cut”

Y@ “nation” 49 “hate”, wHuRY “kingdom”, Tne “Thai”, | 49 “hate”, 59 “flag”, WsxumNETA3E “king”,
#ing “different”, 59 “flag”, TAIUGTIU wHuAU “kingdom”, lne “Thai”, @@
“culture”, WITNMNERSY “king”, NEASE “religious”, 1WA “gender”, Aatu “artist”,
“king”, Anau “religious”, Useina AER3E “king”, TAIGIIY “culture”
“country”

Usyunvu 4MN13 “manage”, WAYIR “be decisive”, ulgure “policy”, U “Abbreviation of

“people” U “Abbreviation of people”, ng “rule”, | people”, Yvv. “Abbreviation of people”,
Wi “for”, aumns “suitably”, Wy UIM5IANIT “manage”, au “fail”, Wit
“goal”, NTEUIUMNT “process”, AuLan “throughout”, 1wy “goal”, NsEUIUNT
“fail”, duA15An “martial law” “process”, NIWYINT “resource”, AANIS

“manage”

Uszine fimun “develop”, ¢y “different”, sy “develop”, W “throughout”, $1579

“country” Wadlve “Thailand?, e “Thai?, Un “rich”, Wngua “powerful”, ieutn
“country”, $1578 “rich”, UK181U1R “neighbor”, /13 “different”, Un “country”,
“powerful”, Usewmdlne “Thailand”, lan ne “Thai”, Weadlne “Thailand”, Uszwelne
“world”, dieuthu “neighbor” “Thailand”

ME “tax” T8 “pay”, {uU “money”, i “debt”, 979 | a@¥afn1s “welfare”, 918 “pay”, Ru “money”,

“employ”, 1B8281 “treat”, Wna
“expensive”, #3aRN13 “welfare”, AL “be
worthwhile”, Useiu “guarantee”, mls

“profit”

W38 “treat”, nil “debt”, inls “profit”, A
“be worthwhile”, 419 “employ”, anutau

“(tax) credit”, g “expensive”

fou « protest”

{ou “protest”, ¥yl “gather”, Uiu “be
turbulent”, @ane “disband”, #1573
“police”, w1 “burn”, els “herd”, AuuAg
“Din-Dang”, Arl “Crowds Control

polices”, wnu1 “leader, mainstay”

fou “protest”, An “mark”, @ae “disband”,
yn “trespass”, Usgaul “condemn”, 8Adnd
“Abhisit”, 74 “crave”, wa “to beat around

the bush”, adu “bombard”, fig “tramp”

Hua

“government”

3U. “Abbreviation of government”, sU
“Abbreviation of government”, #ig “be
inferior”, 4MN13 “manage”, Uszv1vu
“people”, de “side”, @
“representative”, 183938 “bad”, Tauf

“attack, assault”, YA “be decisive”

JU. “Abbreviation of government”, 18 “be
inferior”, Us11T “manage”, 183y “bad”, 50
“sub-word of misspelled of
government/bind”, #1131 “scold”, Usvgms
“Prayut”, Tauf “attack, assault”, Su

“Abbreviation of government”, dulal “fail”
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Focus word Word2vec (Gold standard) Word2vec from predicted corpus

Seunseq A5 “right”, 819 “refer to, claim”, azulln | wuwEYY “human”, WiLdley “be equal”,

“demand/call “infringe”, NTLUIUNNS “process”, lauf wWhne “goal”, dwdl “flaw”, Aesu “resist”,

for” “attack, assault”, w@Sn1N “freedom?”, Undas “protect”, a1ula “indulge”, 819 “refer
FOFNU “resist”, NywEYIU “human”, §a to, claim”, @uvRANNg “reasonably”, Wortu
WBam “force”, Y “law” “trust in”

@Ay “Sa-lim” T35 “tour”, 078 “praise”, fou “fandom”, | @wiu ““three-toed hoof”, Twa “post”, e
ng “I”, 818 “be ashamed”, wiin “tag”, i “argue”, a7y “misspelled three”, [, Wi
“ghost”, TAam “quote”, 9 “confuse”, “comment”, udan “block”, meuna “lie”,
1feg “argue” wn “idiot”, ng “I”

Table 15: The similar word sets of gold standard opposition and predicted
opposition corpus

In conclusion, the optimal approach for employing contextualized word
embedding and static word embedding in opinion analysis is to leverage a combination
of both models. Contextualized word embedding offers the advantage of minimizing
manual efforts, particularly when dealing with unclassified corpora. This type of model
exhibits the ability to classify text into distinct categories. Conversely, static word
embedding, such as word2vec, excels in extracting opinion based on individual words
by examining their similar counterparts. By employing a hybrid approach, researchers
can benefit from the strengths of each model, thereby enhancing the overall

effectiveness of opinion analysis.

5. Example of opinion analysis utilizing un-pre-trained static word
embedding

In the last section of this study, | will give an example of opinion analysis by
utilizing the best word embedding model, which is un-pre-trained static word
embedding. The analysis will follow the topics of interest stated in the result section's
beginning.

The first topic is the protest itself, which consists of 3 focus words, i.e., W3
“deceive”, 139n509 “demand/call for”, and fau “protest”. For the protesters, they
used the Twitter platform to organize the demonstration. For instance, the focus word
f1oU “protest” set contains similar words of location and date of the protest, such as

ﬁiimﬁau%’gma “Government House”, @15190¢dY “public health”, meﬂ,mg' “Hat Yai”,
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555UEU “residence (shorten for the government house)”, and U “day”. Twitter is

the main platform to promote the event, so some words show the characteristic of

the platform, e.¢., Please, “,rt”, Retweet, and emoji ):( . There are a huge proportion
of the texts, “Please, retweet i’uﬁﬁﬁau” (Please retweet, there is a protest today).

The focus word kN3 “deceive” have similar words WU “plan”, wnul “leader,
mainstay”, a0 ufl “location”, and 4# “arrange”. From the interpretation and text
sampling, protesters talked about the leaders tricking the Al “Crowds Control polices”
to go to the wrong location. Some also criticized that the leaders must be responsible
for the tricked and arrested protesters.

For the last word 58n589 “demand/call for”, it can be observed that the
protesters demand the fundamental right and fairness from the similar words avis
“right”, ‘ﬁu;ﬁ;m “fundamental”, Wusssu “be fair”, and Qﬂéfm “right”. Some similar
words can be combined to form a phrase, i.e., A4 “thing” and Qﬂéjaﬂ “right” are in the
phrase %ﬂﬁgﬂﬁaq “rightful thing”. They also demand UsgwdUlne “democracy”.

On the contrary, the opposition has a negative opinion of the protest. According
to the set of oy “protest”, the set contains 17U “be turbulent”. The similar word AN
“herd” convey the negative perspective since it shows that the oppositions see the
protesters were uncivilized. They mention the unrest in the event, such as W1 “burn”,
and @1y “disband”. The opposition said that the police and Crowds Control police
should disband the protest due to its disorder.

For the focus word 1580394 “demand/call for”, there is an overlapping word,
a5 “right”, but the rest show conflicts. The set contains axilia “infringe”, faA1u
“resist/against”, and &8 “force”. The overall interpretation is that the protesters
call for their rights, but it infringes on others.

For the focus word N3 “deceive”, the set contains general meaning related
words, e.g., 1987 “render”, wios “shallot”, nea “fry”, and il “pot”. Though some of
the text contains the sense of “deceive”, it is not a big proportion. Overall, the

opposition does not mention the tactic of the protest.
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In Conclusion, for the topic of the protest, the protesters focused mainly on
the organization of the demonstration and their demands, while the opposition
expressed dissatisfaction due to the unrest.

For the second topic, the protesters' opinion toward the opposition, the
protesters see the opposition as those living in a shell. There are words n¥a1 “coconut
shell”, fh “be engrossed in/be busy with”, nauymau(m1) “to be blind (in belief)”, and
NsviAY “TV”. There are texts, “Sa-lim should come out from the coconut shell”. The
word InsviFu “TV” is the main source of information for the opposition. The protesters
also criticized the government for censoring the news in mainstream media. Thus, if
people consume news only through TV, they will have limited eyesight and not
empathize with others. That is why “Sa-lim” oppose the protest.

On the other hand, the opposition joke about the critics. The opposition admits
that they flood the negative comments on some tweets and make fun that the
protesters also flood the negative comments on their tweets. They also admit that
they praise the government because the government does their best. These
interpretations are from the similar words %15 “tour”, and 838 “praise”. The word ¥113
“tour” is from the phrase %2583 “backlash”. These are initially uninterpretable, but |
can use them to sample text to analyze.

Overall, both groups seem to have severely opposite opinions.

The third topic is the concept of nation, ¥1% “nation”. Both groups have an
overlapping word, e.g., 99 “hate”, and WHuAU “kingdom/homeland”. The word 9
“hate” is from the phrase 94u1% “the haters of the nations”. This phrase is first used
by the opposition to call the protesters since the protesters mostly criticize the
government’s management and the royal family, which represent the values of the
nation for the opposition. The protesters feel unfair. Both have similar opinions that
the nation is related to their homeland.

Nevertheless, there are huge differences. The focus word %1% “nation” of
protesters has negative similar words illustrating the nation is in turmoil, expressed by
the word Uau “rob”. It is from the phrase Uauw1# “rob the nation”. Some words refer
to the entity that does damage to the nation, e.g., mw'ﬁlﬁa “pbad soldier”, Usan

“parasite”, and n5g0a “lineage”. They also use the focus word to express their anger
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since ¥1% “nation” also means “life” and is part of an abusive word such as LR
“scumbag/bastard”.

On the contrary, the idea surrounding the concept of a nation of the opposition
is the tradition, religious, and royal family, which can be observed from the similar
words TAIUsTIN “culture”, WITUMAERIE “king”, NEA3Y “monarch”, and @@
“religious”. Their values of the nation come from the ideology, 1A &AW
NIEUMNYNSE “nation, religious, king”. Therefore, the critics of one of these entities
will irritate their feeling.

”»

Comparing the sets of the focus word Usgwnd “country”, | found contrasting
opinions—the protester's despair of the country. The protesters’ set consists of ANei
“decline”, Usewetite “damn country”, wnwg “putrid”, 839 “hinder”, and Viouvt
“tired”. Though there are some positive words, such as 138 “prosper” and WU
“develop”, they used to express their hopes. In contrast, the opposition focuses on
different aspects. They focus on the pros of Thailand compared to foreign countries.
In a similar word set, the opinion cannot be observed directly. The words ilaslne
“Thailand”, tng “Thai”, and Usewmelng “Thailand” are the keywords to search, and
sampling text to analyze. They usually compare Thailand with a prosperous country.
(W1 “develop”, $1998 “rich”, 4Wsu1a “powerful”)

The set of focus word Usedvu “people” of the protesters presents the
despair. The set contains ¥11318 “harm”, and ﬁmg “enemy”. From the test, protesters
said that the government acts as the enemy of the people and war against people.
This is due to the crowd control police attack protesters. Conversely, the opposition
agrees to the action of the police because it is legitimate to do so, i.e., 9AN3
“manage”, @uA1T “suitably”, nf “rule”, and 28n15AN “martial law”.

Lastly, the topic of political policy and entity contains A% “tax” and JFua
“government”. For protesters it is obvious that the protesters feel that they are
betrayed according to the similar word tu3A “betray.” Their tax is a salary of the
government. Still, the government enjoys spending their tax, ie., 918 “pay”, Wu
“money”, AU “month” are combined to form a phrase I8RULABY “pay your salary”.
The similar words wan “devour” and b@n “devour” mean that the government greedily

consumes the tax instead of use on welfare.
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On the other hand, the opposition set also has the word a18 “pay”, Ru
“money”, @a@An13 “welfare”. However, when considering the sample text, their focus
is on the welfare requires expensive tax, but Thailand is still indebted, and people pay
less tax, such as ‘Vﬁdj “debt”, Uy “expensive”.

Regarding the focus word 3§U1@ “government”, the protesters have various
negative similar words, such as 83938 “bad”, &u “heel”, Ay “foot”, AU
“fail”, faudu “damn protest”, Useneay “damn country”, #ufu “heel/damn”, and
%’gma “damn government”. They express their anger towards the government and the
people who still support the evil government. On the other hand, the opposition also
has a negative word, but the salient word is Hn1n “be decisive”. The opposition is
not satisfied that the government did not disband the protest absolutely.

In conclusion, some differences between opinions can be observed by
analyzing the similar word set. According to the analysis, both groups have opposing
opinions on every topic. There seems to be a long way to go for understanding

between both groups.



CONCLUSION

Within the scope of this investigation, the research questions about word-based
opinion analysis are addressed. Firstly, it is observed that pre-training significantly
influences the quality of embeddings in datasets with limited size. Sufficient training
data is crucial for shifting random weight embeddings toward higher-quality
representations. Improved quality is evident in similar words that connect meaning to
the focus word. However, conducting opinion analysis tasks on small-sized datasets is
not recommended, as the limited data fails to facilitate the desired weight shift
necessary for extracting corpus-specific information. Conversely, pre-training does not
enhance embedding quality in large-sized datasets. This can be attributed to the vast
amount of pre-training data overwhelming the corpus-specific data, resulting in noise
rather than improvement when additional training is conducted.

Secondly, word-based opinion analysis is not advisable for small-sized datasets.
Although contextualized word embedding (WangchanBERTa) yields more useful words
than other models, this count remains below that of the worst-performing model in
the large dataset. Consequently, word-based opinion analysis is recommended for
large-sized datasets, with un-pre-trained static word embedding emerging as the most
superior model.

Thirdly, static word embedding (Word2vec) is preferable over contextualized
word embedding (WangchanBERTa) due to its ability to provide syntactically related
similar words that aid in distinguishing opposing opinion corpora. Word2vec offers
similar words syntactically linked to the focus word, while WangchanBERTa provides
semantically related similar words.

Lastly, the most effective approach for utilizing static and contextualized word
embeddings in analyzing two opposing opinions involves employing contextualized
sequence embedding to predict the text corpus, followed by training a Word2vec
model using the predicted corpus. Subsequently, the corpus analysis is performed

based on the most similar words generated by the Word2vec model.
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APPENDIX
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Table 16: Similar word set of the focus word i34 “deceive” from protester corpus
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Table 17: Similar word set of the focus word Unv “deceive” from opposition corpus



Un-pre-trained static word Pre-trained static word Contextualized word Finetuned contextualized word

embedding embedding embedding embedding
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Table 18: Similar word set of the focus word %8 “nation” from protester corpus

Un-pre-trained static word Pre-trained static word Contextualized word Finetuned contextualized word
embedding embedding embedding embedding
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Table 19: Similar word set of the focus word %78 “nation” from opposition corpus
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Table 20: Similar word set of the focus word Uss¥17u “people” from protester

corpus
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Table 21: Similar word set of the focus word Use¥1vu “people” from opposition

corpus
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Table 22: Similar word set of the focus word Usgina “country” from protester

corpus
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Table 23: Similar word set of the focus word Useina “country” from opposition

corpus
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Table 24: Similar word set of the focus word 97% “tax” from protester corpus
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25: Similar word set of the focus word 178 “tax” from opposition corpus
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Table 26: Similar word set of the focus word Jou “protest” from protester corpus

Un-pre-trained static word Pre-trained static word Contextualized word Finetuned contextualized word
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Table 27: Similar word set of the focus word flou “protest” from opposition corpus
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Table 28: Similar word set of the focus word fg‘um “eovernment” from protester

corpus
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Table 29: Similar word set of the focus word {g‘um “eovernment” from opposition

corpus
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Table 30: Similar word set of the focus word 1580384 “demand/call for” from

protester corpus
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Table 31: Similar word set of the focus word 158n399 “demandy/call for” from

opposition corpus

15
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Table 32: Similar word set of the focus word 5% “Sa-lim” from protester corpus
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Table 33: Similar word set of the focus word 51 “Sa-lim” from oppostion corpus



Proportion of corpus in the clusters of contextualized word embedding
unv “deceive”

W Protester Opposition

1.0000
0.8591

0.7500
0.5400 0.5506
04732 0.4899

05000
0.2500 1822

1040
0.0000 .

0 1 2 3 4 5 ]

Figure 29: Proportion of corpus in the clusters of ws “deceive”
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Figure 31: Proportion of corpus in the clusters of vswmu “people”
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Figure 32: Proportion of corpus in the clusters of vsws “country”
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Figure 33: Proportion of corpus in the clusters of »# “tax”
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Figure 34: Proportion of corpus in the clusters of v “protest”
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Figure 35: Proportion of corpus in the clusters of s “government”
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Figure 36: Proportion of corpus in the clusters of & “demand/call for’
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Figure 37: Proportion of corpus in the clusters of s “Sa-lim”
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