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ABSTRACT

The continuous increase in the use of social media has made misinformation a
significant problem. This research aims to develop a model for detecting Thai
misinformation on social media, focusing on the impact of text preprocessing
techniques on model accuracy. Three text preprocessing methods were selected:
Replacing Numbers with Thai Words, Removing Punctuation, and Removing Stop
Words. These methods were experimented with three classification models: Naive
Bayes, Support Vector Machine, and Random Forest. The results showed that the best
performance was achieved when using the Remove Numbers with Thai words
preprocessing method and the Support Vector Machine model, with an accuracy of

95.47%.
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Chapter 1

Introduction

Introduction will provide an overview of the study, including the background
and significance of the research, the objectives it aims to achieve, the scope and
limitations of the study, and the anticipated benefits upon successful completion. This
chapter will establish the context and relevance of the research, guide the study's
direction, acknowledge any constraints, and justify the importance of the findings and

their potential contributions to the field.

1.1 Statement and Significance of The Problems

According to the 2023 Anti-Fake News Center's performance report, the health
category had the highest number of fake news stories, with 2,003 articles. Statistical
data trends suggest that the health category will involve various issues, such as fake
news about emerging or severe epidemic diseases, exaggerated claims about health
products, news about health, diseases, and herbal treatments, and health news

related to hot weather and heat stroke.

Table 1 News Dissemination Results Categorized by News Category

News Category Factual News Fake News Misleading News
Health Category 153 articles 2,003 articles 210 articles
Disaster Category 47 articles 204 articles 32 articles
Government Policy 1,101 articles 1,513 articles 206 articles
Category
Economy Category 46 articles 835 articles 40 articles

Remark: Data from November 1, 2019 to August 31, 2023 [1]



As people from various social groups increasingly consume health information
via web-based platforms, their exposure to health misinformation rises. Although these
platforms can be valuable for health promotion, they can spread false and misleading
health information faster than scientific knowledge, raising serious public health
concerns. [2]

This research will contribute to the development of an effective model for
detecting Thai health-related misinformation on social media. Furthermore, text
preprocessing is a crucial step in developing an efficient model. This study will help us
understand the impact of text preprocessing techniques on the development of
misinformation detection models. The findings from this research can be used as a
decision-support tool for stakeholders, including general social media users and
researchers interested in developing misinformation detection models. Ultimately, this
research will expand knowledge in the field of misinformation detection, focusing on
the impact of text preprocessing, which will promote future development and

research.

1.2 Goal and Objective
The primary goal of this research is to investigate the impact of three text
preprocessing methods on the performance of machine learning models for text
classification. The specific objectives are:
1. To evaluate the effect of Replacing Numbers with Thai Words, Removing
Punctuation, and Removing Stop Words on the accuracy of Naive Bayes,
Support Vector Machine, and Random Forest models.
2. To determine which individual preprocessing method or combination of
methods yields the highest accuracy for each machine learning model.
By comparing the results of different preprocessing techniques, this research
aims to identify the most effective approach for enhancing the performance of text

classification models in Thai health-related news articles from social media.



1.3 Scope of The Study

1. The data used in this research will be Thai health-related news articles from
social media.
2. This study will focus on investigating the impact of text preprocessing

techniques relevant to text classification tasks.

1.4 Expected Benefits

1. Understanding the impact of text preprocessing: The findings of this
research will help us understand the impact of text preprocessing techniques
on the development of misinformation detection models, which will contribute
to the future development and improvement of text preprocessing techniques.

2. Prevention and management of misinformation: The results of this study
will provide us with an effective tool for detecting and managing Thai health-
related misinformation on social media, which will help reduce the impact
caused by misinformation.

3. Enhancing Python programming skills: Through this research process, you will
gain experience in using Python for research purposes, including text

preprocessing and the development of machine learning model.



Chapter 2

Literature Review

This chapter will cover relevant theories and research related to the topic of
this study. It will provide an overview of the existing knowledge and identify the gaps

in the current literature.

2.1 Conceptual Framework

The relevant theories in this section will be divided into two parts. The first
part will focus on theories related to the definitions and types of misinformation. The
second part will cover theories associated with machine learning, specifically those
pertaining to classification tasks. This section will also include a discussion on
evaluating models using confusion matrices. By presenting these theories, the
conceptual framework will provide a clear understanding of the key concepts and

methods that form the foundation of this research.

2.1.1 Definitions of Misinformation, Disinformation, and Fake News

In the realm of media and communication, the terms misinformation,
disinformation, and fake news [3-7] are often used interchangeably, but they have
distinct meanings. Misinformation refers to false information that is spread, regardless
of whether there is an intent to mislead. On the other hand, Disinformation is
deliberately misleading or biased information, manipulated narratives, or facts, often
in the form of propaganda. Fake news, a term that has gained prominence in recent
years, is defined as false stories that appear to be news, spread on the internet or
using other media, usually created to influence political views or as a joke. It is also
described as purposefully crafted, sensational, emotionally charged, misleading, or

totally fabricated information that mimics the form of mainstream news



Understanding these distinctions is crucial in combating the spread of false information

and promoting media literacy in today's digital age.

2.1.2 Machine Learning for Classification Tasks

Machine Learning (ML), a subset of Artificial Intelligence, originated from pattern
recognition and the theory that computers can learn and gradually improve their
performance without being explicitly programmed. This concept sparked the interest
of Al researchers in exploring whether computers and systems can learn from
interacting with data. A key characteristic of ML is its iterative process, which is crucial
for developing capabilities. The systems and analytical models adapt to the datasets
they encounter, leading to self-improvement. The system learns and corrects errors
from previous tasks until it can produce reliable and consistent results, demonstrating
the ability to learn from pre-prepared training data.

Machine learning can be divided into several main groups based on the type
of training: Supervised Learning, Unsupervised Learning, Semi-supervised Learning, and
Reinforcement Learning. Supervised learning can be further categorized into two types:
Regression and Classification. Creating misinformation detection models falls under the
classification category, which includes various techniques such as Naive Bayes, Support
Vector Machines, and Random Forests. These techniques will be discussed in more

detail in the following sections.

2.1.2.1 Naive Bayes

Naive Bayes [8-10] classifiers are a family of probabilistic machine learning
models widely used for classification tasks such as text classification, spam filtering,
and recommendation systems. These classifiers are based on Bayes' theorem, which
calculates the probability of a given input belonging to a particular class, assuming
independence between features. This simplifying assumption, although often not true
in real-world scenarios, allows Naive Bayes classifiers to make quick and accurate

predictions.



As part of the generative learning algorithms family, Naive Bayes classifiers
model the distribution of inputs for a given class or category, rather than learning which
features are most important for differentiation between classes. There are several
types of Naive Bayes classifiers, each suited for different data distributions and use
cases. Gaussian Naive Bayes (GaussianNB) is used with continuous variables and
assumes a normal distribution, while Multinomial Naive Bayes (MultinomialNB) is
applied to discrete data, such as frequency counts in natural language processing.
Bernoulli Naive Bayes (BernoulliNB) is used with Boolean variables, making it suitable
for binary classification tasks.

Despite their simplicity, Naive Bayes classifiers offer several advantages. They
are less complex compared to other classifiers, making them easier to understand and
implement. These classifiers also scale well, providing fast and efficient performance
when the conditional independence assumption holds. Additionally, Naive Bayes
classifiers can handle high-dimensional data, such as in document classification tasks,
where other classifiers may struggle.

However, Naive Bayes classifiers also have some limitations. They are subject
to the "Zero Frequency" problem, which occurs when a categorical variable is not
present in the training data, leading to a zero probability and potentially incorrect
classifications. This issue can be mitigated using smoothing techniques like Laplace
estimation. Furthermore, the core assumption of feature independence is often
unrealistic in real-life scenarios, which can lead to suboptimal performance.

Bayes theorem provides a way of computing posterior probability P(C | x)
from P(C), P(X) and P(X | C). Look at the equation below [8]:

P(c|x) = P(xfl)gf(c)

P(c|X) = P(x1] ) X P(xz] €) X -+ X P(xp| X P(c) (D




Above,

P(C | x) is the posterior probability of class (c, target) given predictor (x,
attributes).

P(C) is the prior probability of class.

P(x | C) is the likelihood which is the probability of the predictor given class.
P(x) is the prior probability of the predictor.

In conclusion, Naive Bayes classifiers are powerful tools in machine learning,
offering a probabilistic approach to classification tasks. Despite their simplifying
assumptions, these classifiers have proven to be effective in various domains, including
text classification, spam filtering, and sentiment analysis. By understanding the
strengths and limitations of Naive Bayes classifiers, researchers and practitioners can

effectively apply these models to solve real-world problem:s.

2.1.2.2 Support Vector Machine

Support Vector Machine (SVM) [11-13] is a supervised machine learning
algorithm that has gained significant popularity due to its ability to efficiently classify
data points in high-dimensional spaces. Developed by Vladimir N. Vapnik and his
colleagues in the 1990s, SVM has become a go-to algorithm for various classification
problems, particularly in text classification tasks.

The primary objective of SVM is to find an optimal hyperplane that maximizes
the margin between different classes of data points in an N-dimensional space. In an
SVM model, each data point is represented as a point in n-dimensional space, where
n is the number of features. The algorithm then seeks to find the hyperplane that
provides the maximum margin of separation between the two classes. This hyperplane
is defined by the support vectors, which are the data points closest to the decision

boundary, as shown in Figure 1 [11].



Figure 1 Support Vectors Defining the Decision Boundary

The hyperplane's dimension is determined by the number of input features,
with a line representing the hyperplane in a 2-D space and a plane in higher-
dimensional spaces. By maximizing the margin, SVM ensures that the decision
boundary is as far away as possible from the closest data points of each class, known
as support vectors. This approach enables SVM to generalize well to new data and
make accurate predictions.  One of the key strengths of SVM is its ability to handle
both linear and nonlinear classification tasks. When the data is not linearly separable,
kernel functions, such as linear, polynomial, radial basis function (RBF), or sigmoid
kernels, can be employed to transform the data into a higher-dimensional space where
linear separation becomes possible. This technique, known as the "kernel trick," allows
SVM to tackle complex classification problems effectively.

However, SVM also has its limitations. It may not perform well when dealing
with large datasets, as the training time can be significantly higher. Additionally, SVM's
performance can be impacted by the presence of noise or overlapping target classes
in the dataset. Another drawback is that SYM does not directly provide probability
estimates, requiring an expensive five-fold cross-validation process to calculate them.

Despite these limitations, SVM remains a powerful and widely used algorithm,
particularly for building machine learning models with small datasets. Its effectiveness

in high-dimensional spaces and its ability to handle cases where the number of



dimensions exceeds the number of samples make it a valuable tool in various
domains.

To build an SVM classifier, the first step is to split the data into training and
testing sets. Hyperparameters can be tuned using techniques like grid search and cross-
validation to improve the model's performance. When compared to other supervised
learning classifiers, such as Naive Bayes, SVM often outperforms in scenarios where the
data is not linearly separable, although it may be more computationally expensive
and require more hyperparameter tuning.

In conclusion, Support Vector Machine is a robust and versatile supervised
learning algorithm that excels in classification tasks, particularly when dealing with high-
dimensional data and small datasets. Its ability to find optimal decision boundaries
and generalize well to new data makes it a valuable tool in various industries and

applications.

2.1.2.3 Random Forest

Random Forest [14-16] is a powerful and widely-used machine learning
algorithm that combines multiple decision trees to create a more accurate and robust
predictive model. Developed by Leo Breiman and Adele Cutler, Random Forest is
known for its ease of use and flexibility, as it can handle both classification and
regression problems effectively.

At its core, Random Forest is an ensemble learning method that leverages the
power of multiple decision trees. Decision trees are simple yet effective algorithms
that make predictions based on a series of questions or decision nodes. These nodes
split the data based on various criteria, such as the presence of a specific feature or
the value of a variable. The final prediction is made at the leaf node, which represents
the outcome of the decision-making process.

While decision trees are useful, they can be prone to overfitting and bias. This
is where Random Forest comes in. By creating an ensemble of decision trees and

aggregating their predictions, Random Forest mitigates these issues and produces more
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accurate results. The algorithm introduces randomness in two ways: by using a random
subset of the training data for each tree (bagging) and by considering a random subset
of features at each decision node (feature bagging). The Random Forest algorithm
works as follows:

1. A random subset of the training data is selected with replacement (bootstrap
sample) for each decision tree.

2. At each decision node, a random subset of features is considered for splitting
the data.

3. The decision trees are grown independently, without pruning, to their
maximum depth.

4. For classification tasks, the final prediction is determined by majority voting
among the trees. For regression tasks, the average of the individual tree
predictions is used.

One of the key advantages of Random Forest is its ability to handle large and
complex datasets with both continuous and categorical variables. It is also less
susceptible to overfitting compared to individual decision trees, thanks to the
randomness introduced in the training process. Additionally, Random Forest provides
a measure of feature importance, allowing users to identify the most influential
variables in the model.

However, Random Forest does have some limitations. The algorithm can be
computationally expensive, especially when dealing with a large number of trees or
features. It may also require more memory and storage resources compared to simpler
models. Furthermore, the interpretability of Random Forest models can be
challenging, as the final prediction is based on the collective output of multiple
decision trees.

Despite these challenges, Random Forest remains a popular choice among data
scientists and machine learning practitioners. Its versatility, robustness, and relatively
low hyperparameter tuning requirements make it a go-to algorithm for various
applications, including image classification, fraud detection, and customer churn

prediction.



11

In conclusion, Random Forest is a powerful and flexible machine learning
algorithm that combines the strengths of multiple decision trees to create accurate
and robust predictive models. By leveraging the power of ensemble learning and
introducing randomness in the training process, Random Forest overcomes the
limitations of individual decision trees and provides a reliable tool for both

classification and regression tasks.

2.1.2.4 Confusion Matrix

A confusion matrix [17-19] is a crucial tool for evaluating the performance of a
machine learning classification model. It provides a comprehensive view of the model's
predictions by comparing them with the actual target values. The matrix displays the
number of true positives (TP), true negatives (TN), false positives (FP), and false
negatives (FN), allowing for a detailed analysis of the model's accuracy and the types

of errors it makes. An example of a 2x2 confusion matrix is shown in Table 2.

Table 2 Confusion Matrix

Class

Actual Value / Positive

Actual Value / Negative

Predicted Value /

Positive

True Positives (TP)

False Positives (FP)

Predicted Value /

False Negatives (FN)

True Negatives (TN)

Negative

In a confusion matrix, the columns represent the actual values of the target
variable, while the rows represent the predicted values. True positives occur when the
model correctly predicts a positive value, and true negatives occur when the model
correctly predicts a negative value. False positives, also known as type | errors, happen
when the model incorrectly predicts a positive value when the actual value is negative.
False negatives, or type Il errors, occur when the model incorrectly predicts a negative

value when the actual value is positive.
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The confusion matrix provides valuable insights beyond basic accuracy metrics,
especially when dealing with imbalanced datasets. It enables the calculation of various
performance metrics, such as precision, recall, Fl-score, and specificity. Precision
measures the accuracy of positive predictions, while recall evaluates the model's
ability to identify all relevant instances. The F1l-score is the harmonic mean of precision
and recall, providing an overall assessment of the model's performance. Specificity, on
the other hand, measures the model's ability to correctly identify negative instances.

Interpreting a confusion matrix helps in understanding the strengths and
weaknesses of a classification model. It allows for the identification of areas where the
model excels and where it needs improvement. By analyzing the distribution of TP,
TN, FP, and FN, data practitioners can fine-tune their models to achieve better results.

The confusion matrix is particularly useful when dealing with imbalanced data,
where one class significantly outnumbers the other. In such cases, relying solely on
accuracy can be misleading, as the model may achieve high accuracy by simply
predicting the majority class. The confusion matrix, along with metrics like precision
and recall, provides a more balanced view and helps in making informed decisions.

Furthermore, the confusion matrix helps in understanding the trade-offs
between different metrics. For example, increasing precision may lead to a decrease
in recall, and vice versa. By examining these trade-offs, data practitioners can choose
the most appropriate metric based on the specific requirements of their application.

In conclusion, the confusion matrix is an essential tool for evaluating and
improving the performance of machine learning classification models. It provides a
comprehensive view of the model's predictions, enables the calculation of various
performance metrics, and helps in identifying areas for improvement. By leveraging the
insights provided by the confusion matrix, data practitioners can develop more

accurate and reliable models for a wide range of applications.
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2.1.3 Text Preprocessing Techniques

In the model development process for natural language processing (NLP) and
machine learning tasks involving textual data, text preprocessing is a crucial step. [20-
24] The process typically begins with data collection, followed by text cleaning and
then text preprocessing. After these initial steps, the focus shifts to feature engineering
and model development. Finally, the results of the developed model are tested to
evaluate its performance and effectiveness.

The primary goal of text preprocessing is to transform raw, unstructured text
into a clean, structured format that can be effectively used for analysis and modeling.
This process involves various techniques aimed at improving the quality and usability
of the text data.

The main text preprocessing techniques include lowercasing, tokenization,
removing punctuation and special characters, removing stop words, removing URLs
and HTML tags, stemming, and lemmatization. Lowercasing involves converting all
letters in the text to lowercase to ensure consistency and avoid treating the same
words differently based on their case. Tokenization is the process of breaking down
large blocks of text into smaller units, such as sentences or words, to facilitate analysis.

Removing punctuation, special characters, and digits is another important step
in text preprocessing. These elements often do not provide meaningful information
for text analysis and can interfere with NLP algorithms. Similarly, removing URLs and
HTML tags is necessary when working with text data obtained from web pages or other
HTML-formatted sources.

Removing stop words is a technique used to eliminate commonly occurring
words that do not contribute significantly to the meaning of a sentence, such as "the,"
"a," "an," and "in." By removing these words, the focus can be placed on the more
important and informative words in the text.

Stemming and lemmatization are two methods used to reduce words to their
base or dictionary form. Stemming is a rule-based approach that removes word affixes,
resulting in the word's stem. However, stemming may sometimes produce non-

dictionary words. Lemmatization, on the other hand, uses a vocabulary and
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morphological analysis to reduce words to their base form, ensuring that the resulting
words are part of the language vocabulary. The choice between stemming and
lemmatization depends on the specific requirements of the project, considering factors
such as simplicity, speed, and accuracy.

In conclusion, text preprocessing is an essential step in NLP and machine
learning projects involving textual data. By applying techniques such as lowercasing,
tokenization, removing unwanted characters and words, stemming, and lemmatization,
the quality and usability of the text data can be significantly improved. These
preprocessing steps help in reducing noise, converting the data into a structured
format, and focusing on the most important information, ultimately leading to better

performance and accuracy of the analysis or modeling tasks.

2.2 Review of Previous Research Works
The review of related research will be divided into two parts: research on
developing Thai misinformation detection models and research on the impact of text

preprocessing on text classification.

2.2.1 Related Research on Developing Thai Misinformation Detection Models
Studies related to developing Thai misinformation detection models mainly
focus on analyzing fake information using machine learmning and deep learning

techniques. The results from these studies can be summarized in Table 3.
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Table 3 Related Research on Developing Thai Misinformation Detection Models

Study (Year) Preprocessing ML Methods Best Results
Methods
Detecting Fake - Text preprocessing | - Naive Bayes - Support Vector

News with Machine

- Normalization

- Neural Network

Machine and Neural

Learning Method - Removing - Support Vector Network had
(2018) [25] duplicate data Machine highest accuracy for
fake news
detection.
The COVID-19 Fake | - Spelling - BERT - ULMFIT showed
News Detection in corrections - ULMFT higher performance
Thai Social Texts - Removing - GPT for Thai COVID-19
(2021) [26] redundant fake news
characters detection
- Removing

punctuation
- Removing

punctuation

Artificial Intelligent
Techniques for Thai
Fake News
Detection (2022)
[27]

- Word
segmentation

- Removing
unwanted words
- Keyword

Extraction

- Logistic Regression
- K-Nearest
Neighbor

- Naive Bayes

- Multilayer
Perceptron

- Support Vector
Machine

- Random Forest

- LST™M

- LSTM had highest
accuracy for fake

news detection.
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Table 3 Related Research on Developing Thai Misinformation Detection Models

Machine Learning

Model (2022) [29]

- Support Vector

Machine

Study (Year) Preprocessing ML Methods Best Results
Methods

Fake News - Removing - Decision Tree - Decision Tree had
Detection on Social | duplicate and - BILSTM highest accuracy for
Media: Case Study | missing data - BiGRU fake news
of Coronavirus 2019 | - Text preprocessing detection.
(2022) [28] - Normalization
Thai Fake News - Text preprocessing | - Naive Bayes - Support Vector
Detection Using - Normalization - Neural Network Machine had

highest accuracy
for fake news

detection.

2.2.2 Related Research on the Impact of Text Preprocessing on Text

Classification

Research on the impact of text preprocessing on text classification primarily

investigates the effects of various preprocessing methods on model accuracy using

different datasets. The findings from these studies can be summarized in Table 4.
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Table 4 Related Research on the Impact of Text Preprocessing on Text Classification

Study (Year) Preprocessing ML Methods Best Results
Methods
The Effect of - Weighting scheme | - Naive Bayes - Unigrams and 1-3-
Preprocessing - Stemming - Support Vector grams best for
Techniques on - Removing Machine accuracy.
Twitter Sentiment | Stop Words - k-Nearest - Feature selection
Analysis (2016) [30] | - Tokenization Neighbor improves accuracy.

- Feature selection

- C4.5 Decision Tree

The Influence of
Preprocessing on
Text Classification

(2020) [31]

- Spelling correction
- HTML tag removal
- Converting
uppercase to
lowercase

- Removing
Punctuation

- Reducing
repeated characters
- Removing

Stop Words

- Bayes Networks

- Random Forest

- SMO (a variant of
SVM)

- Stop-word
removal topped
solo preprocessing
methods

- Spelling correction
played a role in

best combinations
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Table 4 Related Research on the Impact of Text Preprocessing on Text Classification

- Word stemming

- Lemmatization

- Spelling correction
- Word

segmentation

Study (Year) Preprocessing ML Methods Best Results
Methods
Exploring the - Lowercasing - k-Nearest - Stop-word
Relationship - Rare word filtering | Neighbor removal and rare
Between Algorithm | - Hashing - Naive Bayes word filtering
Performance, - Removing - Support Vector improve processing
Vocabulary, and Punctuation Machine speed and
Run-Time in Text - Removing accuracy.
Classification (2021) | Stop Words
[32] - Removing
Number

2.3 Identification of Gaps

After reviewing the relevant research, it was found that most studies on Thai

misinformation detection focus on developing models to achieve good results.

However, there is a lack of research exploring the impact of text preprocessing

techniques on model accuracy, particularly for the Thai language. Furthermore, studies

on the impact of text preprocessing on text classification are limited when it comes to

Thai data. Therefore, this research aims to develop a model for detecting Thai

misinformation on social media, with a focus on the impact of text preprocessing

techniques on model accuracy.
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Chapter 3

Research Methodology

The methodology section will begin by providing an overview of the entire
process and then delve into the details of each step. This research aims to develop a
model for detecting Thai misinformation on social media, emphasizing the impact of
text preprocessing techniques on model accuracy. The overall research steps are

illustrated in Figure 2.

Figure 2 Research Methodology
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3.1 Data Gathering

Data for this research was collected from two main reliable sources for Thai
health-related information: fake data and factual data.

Initially, representative fake and factual data were gathered from the open data
provided by the Anti-Fake News Center Thailand, accessed through the website
https://opendata.antifakenewscenter.com. Data from the health products category,
spanning from March 2017 to February 2024, was selected. There are examples of real

and fake data as shown in Figure 3.

Figure 3 Examples of real and fake news

However, the proportion of factual data obtained was insufficient for use.
Subsequently, additional factual health data was collected from the Thai Health
Promotion Foundation (ThaiHealth) via the website https://www.thaihealth.or.th. Data
from the health news category, ranging from November 2018 to February 2024, was
chosen. After obtaining data from both sources, it was combined into a single dataset.

The details of the column names and their descriptions are presented in Table 5.
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Table 5 Column Names and Details in the Dataset

No. Column Column Details
1 topic News headline
2 label Classification of news (factual/fake)

3.2 Preliminary Data Exploration and Cleansing

Following the data collection from the two sources mentioned in section 3.1,
initial data cleaning was performed by removing duplicate data, checking for null
values, and removing irrelevant non-health-related data. Additionally, words indicating
fake news in the news headlines were removed. For example, the headline "9 13Uau
g sl wdesdniludalay anunsalddailuedls Taglddeslunuunms” was changed to
"eednitudalay ansolddniluedld Tnglidedlunuunne”

An exploration of the data revealed a significant disparity in the number of
records between the factual and fake news classes. To prevent the issue of
imbalanced data, random sampling was performed to reduce the data to 1,600 records

per class, as shown in Table 6.

Table 6 Number of Records Before and After Handling Imbalanced Data

News Category | Number of Records Before Number of Records After

Handling Imbalanced Data Handling Imbalanced Data

Fake News 1,696 1,600

Factual News 4,246 1,600

3.3 Text Preprocessing Experimentation

After initial data cleaning, further preprocessing is necessary to improve model
performance. The preprocessing methods are divided into essential techniques,
including tokenization and vectorization. For tokenization, the word tokenize library
from PyThaiNLP with the engine="newmm" was used, and vectorization was performed

using the TF-IDF method.
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PyThaiNLP is a popular library for Thai natural language processing tasks using
Python. It provides functions such as word tokenization, part-of-speech tagging,
transliteration, soundex generation, and spell checking.

Additionally, three text preprocessing methods were selected for
experimentation: Replacing Numbers with Thai Words, Removing Punctuation, and
Removing Stop Words. The aim is to determine which method or combination of
methods yields the highest model accuracy, as increasing the number of preprocessing
steps may not always improve model performance. The details of each method are

as follows:

3.3.1 Replacing Numbers with Thai Words

Upon examining the data, it was found that the news headlines contained
numeric information. In this step, the data is preprocessed by converting numbers to
Thai words using the num2words library from PyThaiNLP. After this step, numbers are

converted to words. For example, '19' is transformed into 'ULA7'

3.3.2 Removing Punctuation

Data exploration revealed the presence of punctuation in the news headlines.
This step involves preprocessing the data by removing specified Thai punctuation
marks from the text. The Thai punctuation marks used are based on “3719d19

UUUNREENI1U”, as shown in Table 7.

Table 7 Thai Punctuation Marks

No. Thai Name English Name Symbol
1 UFNAA full stop, period
2 a01A comma )
3 FUNA semicolon .
4 NINA colon
5 Ifvne colon and dash -
6 gRAIA hyphen -
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No. Thai Name English Name Symbol
7 AU w50 UIATR parentheses ()
8 Hdumde square brackets []
9 aulnm braces {}
10 Usedl question mark ?
11 DALY exclamation mark !
12 SeyUsENIA double quotation marks “”
13 é’iyﬂszmmﬁm single quotation marks ©’
14 ldwun 50 gun - ‘
15 Ugnaties 30 Wesatoy : °l
16 TUnalug wise Weenalug et cetera, etc. 18
17 l9Uan vise galavan ellipsis, dotted line | ..
18 Ul dash line L
19 LE@NDNIA W3 WINAU equals =
20 doyuszne underline L
21 UNEaya ditto mark ?
22 UAROF QYN paragraph q
23 ADNIU remark, note *
24 iU virgule, slant, slash /

3.3.3 Removing Stop Words

This step preprocesses the data by removing stop-words, which are common

words frequently found in sentences but do not convey significant meaning, such as

"n15", "AN", "Ae", "N", and "@3". The tokenization process is also performed in this step.

The stop-words used are from PyThaiNLP, and examples of Thai stop-words are

illustrated in Figure 4.
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Figure 4 Examples of Thai Stop Words from thai_stopwords

3.3.4 All Cases for Experimenting with Changes in Text Preprocessing Methods
The experimentation process for changing text preprocessing methods involves
testing a total of 8 cases, ranging from not using any of the three methods to using all

three methods. The cases are summarized in Table 8.
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Table 8 All Cases for Experimenting with Changes in Text Preprocessing Methods

Case | Method | Replacing Numbers Removing Removing Stop
with Thai Words Punctuation Words
1 No No No No
2 1 Yes No No
3 2 No Yes No
a4 3 No No Yes
5 1,2 Yes Yes No
6 1,3 Yes No Yes
7 2,3 No Yes Yes
8 1,2,3 Yes Yes Yes

Remark: 1 = Replacing Numbers with Thai Words, 2 = Removing punctuation, 3 = Removing stop-words

3.4 Model Building and Parameter Tuning

In the experiment of building models for classifying misinformation, three
classification models were selected for development: Naive Bayes, Support Vector
Machine, and Random Forest. The aim is to compare how different text preprocessing
methods affect the accuracy of each model. The experiment specifies the architecture

and parameter tuning for each model, as indicated in Table 9.

Table 9 Tuning Parameters for Each Model

Model Parameter Tuning
Naive Bayes Type of Naive Bayes model = Multinomial Naive Bayes
Support Vector Kernel = linear
Machine C=1
gamma = 0
Random Forest n_estimators=200,
max_depth=20,
min_samples_leaf=5
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3.5 Evaluation and Conclusion
The accuracy of different cases is compared using the accuracy of each model.
Further analysis is conducted to determine the reasons behind the superior

performance of certain models in specific cases.
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Chapter 4

Results

In this research, the results are divided into two parts: the impact of different
text preprocessing methods on data cleaning and the accuracy of each model when

using various text preprocessing techniques.

4.1 Text Preprocessing Results

The text preprocessing experiments involve eight cases, ranging from not using
any of the three preprocessing methods (Replacing Numbers with Thai Words,
Removing Punctuation, Removing Stop Words) to using all three methods, as specified

in section 3.4.4 The results of the data cleaning are as follows:

4.1.1 Text Preprocessing Results for Case 1

This case involves cleaning the data without using any of the three text
preprocessing methods (Replacing Numbers with Thai Words, Removing Punctuation,
Removing Stop Words). Examples of the data before and after cleaning, as specified,

are shown in Table 10.
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No. | Topic Topic_After Label
0 NUAIUANLIA NTENTIEBITUGY | N3 AUAK 1A NTENTN U173
avuflaumduneudlesnaden | a1sugy aq fiudl aunwdu aou | 939
Usgwnduiud uardeduldnguine | Wes ama lew Ussnduiud uas
anuilansnsazUasayys wu afuld ngmane aanuiiansisas
thvieadien uazuszaaudlduinig | Uaon yvid wu dhvieailen uay
insneusunagBurenUfUany | Ussviu gldusnis v msmeuiu
npvInganuiiansIsaizlasays | uay Busen VTR sungmane
atfulvsl Sefimasfausfudl 3 anuilansnsay Uaem yuis atu
NS 2562 TH1usN Tyl Ba Sina Koust uil 3 nunus
2562 i
1 entaafiuuazinulsnlivaven g1 Jesiu uaz Snwilsa s Yen | 9m
oniau COVID-19 gniau COVID- 19 Uaoy
2 | ayulwsiidanian Snwilseusse | ayulng fdanian Snwn lsawsss | 9
Uaau
3 | ldideneen seuin "Tugli-ssees- | Widensan szuin " Fugll - sseea | 9717
VOULAUUITDIFDU-UATIIVENN" | - VDUKAU WiFDIADU - UATIIVEN | 959

dnsnhegean minewuthe 2.5
viluau @edin 15 519 dagthudiu
ALY 8 9ewenTal Nuay
v faunnsns 3 i

29nU15ULD

" $ns1 Uhe gegn 7 Tne wu Uae
2.5 vilu AU 1@eTAn 15 510
aqtiu iy Asdes nds g
wensal Hu 9z an viany fudl I

1795015 3 LAY 99NU7 SUilD
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No. | Topic Topic_After Label
i NSUANYIFNERSATUNNEUSENA | nSUAnemaEnsnsang Usena | 9
ANUEISINTYTannaInINy AMUEST N1 9 Temnas AL | 939
sadlaiuumIngaelanen S71ile AU unIneas lewned
Ussmadjlu uaguminendeuiing | Uszina G way
Tulassn s iadlsaseuuunnd | unineideuing lu lasenisive
W nAlulaguwinnssulnudnig ToulsA SEAUUIUITIR AR
INLIAEAASTNTUINNY EUSU wialulad winnssu vl e
ATIRMANYULINIRUENTINTEY | Iemans nisunng dmsy
uywdunziotaln dliiteds | nsram nvaemeiugnisy ves
olselfusiug simdidu ez | uywd uas e Yalsa 2e T
denldeuwazuSurunediuias | 30ade Taulse 1a walugi 5350
Tsalvvaneas anenisiie fu anunsa Ben 14 o1 way YU
Uszaudanednuinise Wessd | vunnen du Sallsa T mnzan
wlgunggiinilsn an 91713 b falseasd 210 &
#u Yallse ile s 4 ulewe o
Jaulse
3195 | wnaiow "lowinlve)" szuiantn | nue weou " liwinlug " seun 917
utl viathegeRauidusamnd wtin i vids Uae ga waust ¢ud 939

1.52 wausne ey 10 519 Aaday
2 WAUTIUUDE1IA LAGFLATDS
813 uAY YegaHU-UAmey

UNUNITIZUN

593 A1 1.52 w@u 518 M1g 10 518
am 2w 2 wau 510 L0 0819 i
WA FLAYT 939 813 D9 81U AN W9
gy - Wavex B4 Wiy N3

2UM
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LEYNTTH

No. | Topic Topic_After Label
3196 | lugamsssuinvedladn-19 N5 | Tu 939 113 seum e 1A - 19 | A
Snwgueunsiufodudedndny M33nw aueusTe feldu s ORN
Tnelanzomnauaziin fidesavenn | iy Tnsaniz 013 ua 1h 7
wazUaoadusionisuilon ve?l | fed avenn uay Uaoasde sio N
fusznounsuazidudaonins as | Uslaa vaedl §usznounns uay
SEUIUANFUINU1AINNT dulla 2113 AT Seug vian
U108 8113
3197 | nswoundle dnaSundewienssdld | nsuewde duady wda deassd 14 | 91
ayntufinguanuiuasiin wud | ayeduiin @aunm wil wag in L\ | 959
vuy iueTesilolumsguaguam | Fvuy 1y 1n3esile Tu s qua
puoILazgnluaTIs TeReAsss | quam awes uae gn Tu Asas 9
othwaidladluamdndlsadou | danssd ede deidles T au ifin
i Tsaseu
3198 | Fo-velunsevien laifesuoounm | @0 - v1e Tu nawview luidos ve U773
I ANaED BUYIN U N4 BE. 939
3199 | MNSNUBTUUTNARUNTAININMST | N 0. V8 SUU3aA gunsel e | 9717
windlvudaniosdnaindunssy | nsunmd 1 ude 11 7 esdnns Uanyl

4.1.2 Text Preprocessing Results for Case 2

This case involves cleaning the data using only the Replacing Numbers with

Thai Words method out of the three text preprocessing methods. Examples of the

data before and after cleaning, as specified, are shown in Table 11.
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No. | Topic Topic_After Label
0 NFUAIUANLIA NIENTNEATITUEY | NN AIUAY 13A NTENTN U1
aviufiaundureudiemnuben | @513 as fufl aumdu seu | 93
Usgrnduiud uardeduldnguane | Wes ava lew Ussnduiud uas
anuilanssaizanayvi wu afuld ngvane anuitansisas
thvieadien uazuszanaudlduinig | Uaon yvid wu thvieailen uay
IinsneusunagBurenUfUiany | Ussviu dldusnis v msmeuiu
npvsnganuiiassaislasayns | uay Bugen VTR mungmane
atulval Gelnadaudtuil 3 anuilanssass Yasn v aty
ANAILS 2562 TN Tyl B Tma daust Fudl anw
NUAUS @09 1 ¥ Soe vin &y
@09 i
1 entaaiuuazinulsnlivaven g1 Yoeriu uaz Snwilsa ada den | U
anwau COVID-19 anLay COVID- &u 1M Uaay
2 | ayulwsiidanian Snwilseusse | ayulng fdanian Snwn lsawsss | 9n
Uaau
3 | ldideneen szuin "Tugli-ssees- | Widenssn szuin " Fagll - ssees | 9717
VOULAUUITDIADU-UATIIVENN" | - VDULAU WiFDIADU - UATIIVEN | 959

dnsnhegean minewuthe 2.5
viluau @edin 15 519 dagthudiu
ALY 18 9ewenTal Nuay
vl faunnsnis 3 i

29NUN5 VLD

" $ns1 Uhe gegm 7 Tne wu Uae
d09 . ¥ viily A 1@eTin duih
570 Yagiiu Wi Ansides nd g
1 wensel thy 2¢ an vany Wi

30 199115 @3 LAY 990NN SUile
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No. | Topic Topic_After Label
i NSUANYIFNERSATUNNEUSENA | nSUAnemaEnsnsang Usena | 9
ANUEISINTYTannaInINy AMUEST N1 9 Temnas AL | 939
sadlaiuumIngaelanen S71ile AU unIneas lewned
Ussmadjlu uaguminendeuiing | Uszina G way
Tulassn s iadlsaseuuunnd | unineideuing lu lasenisive
W nAlulaguwinnssulnudnig ToulsA SEAUUIUITIR AR
INLIAEAASTNTUINNY EUSU wialulad winnssu vl e
ATIRMANYULINIRUENTINTEY | Iemans nisunng dmsy
uywdunziotaln dliiteds | nsram nvaemeiugnisy ves
olselfusiug simdidu ez | uywd uas e Yalsa 2e T
denldeuwazuSurunediuias | 30ade Taulse 1a walugi 5350
Tsalvvaneas anenisiie fu anunsa Ben 14 o1 way YU
Uszaudanednuinise Wessd | vunnen du Sallsa T mnzan
wlgunggiinilsn an 91713 b falseasd 210 &
#u Yallse ile s 4 ulewe o
Jaulse
3195 | wnaiow "lowinlve)" szuiantn | nue weou " liwinlug " seun 917
utl viathegeRauidusamnd wtin i vids Uae ga waust ¢ud 939

1.52 wausne ey 10 519 Aaday
2 WAUTIUUDE1IA LAGFLATDS
813 uAY YegaHU-UAmey

UNUNITIZUN

590 091 nils . 9 Avdes uay 1y
A8 @U 578 AR U8 d@ad ual 51
Hu 9819 1 wat Falaw 939 019 A9
&u AU v gl - Wamen Bs

WM NS STUIA
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No. | Topic Topic_After Label
3196 | lugamsssuinvedladn-19 N5 | Tu 939 113 seuim e 1adn - U | A
Snwnauensleioidudeddny i1 Ms3nw quewnste deduds | 93
Tnelanzomnauaziin fidesavenn | iy Tnsaniz 013 ua 1h 7
wazUaoadusionisuilon ve?l | fed avenn uay Uaoasde sio N
fusznounsuazidudaonins as | Uslaa vaedl §usznounns uay
SEUIUANFUINU1AINNT dulla 2113 AT Seug vian
U108 8113
3197 | nswoundle dnaSundewienssdld | nsuewde duady wda deassd 14 | 91
ayntufinguanuiuasiin wud | ayeduiin @aunm wil wag in L\ | 959
vuy iueTesilolumsguaguam | Fvuy 1y 1n3esile Tu s qua
puoILazgnluaTIs TeReAsss | quam awes uae gn Tu Asas 9
othwaidladluamdndlsadou | danssd ede deidles T au ifin
i Tsaseu
3198 | Fo-velunsevien laifesuoounm | @0 - v1e Tu nawview luidos ve U773
I ANaED BUYIN U N4 BE. 939
3199 | MNSNUBTUUTNARUNTAININMST | N 0. V8 SUU3aA gunsel e | 9717
windlvudaniosdnaindunssy | nsunmd 1 ude 11 7 esdnns Uanyl
BECTERH

4.1.3 Text Preprocessing Results for Case 3

This case involves cleaning the data using only the Removing Punctuation
method out of the three text preprocessing methods. Examples of the data before

and after cleaning, as specified, are shown in Table 12.
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No. | Topic Topic_After Label
0 NUAIUANLIA NTENTIEBITUGY | N3 AUAK 1A NTENTI U173
avuflaunduneudlesnuben | a1sngy aq fiudl aunwdu aou | 939
Usgwnduiud uardeduldnguine | Wes ama lew Ussnduiud uas
anuilanssaizaoayvi wu afuld nguane anuitansisas
thvieadien uazuszanaudlduinig | Uaon yvid wu dhvieailen uay
IinsneusuwagBurenUfUany | Ussviu dlduinis v msmeuiu
npvInganuiiansIsaizlasays | uay Busen VTR sungmane
atiulvsl Sefimasfausfudl 3 anuilansnsae Uaem yus atu
ANATLS 2562 TN Tyl B Tua dausd Fudt 3 nuaus
2562 i
1 entaafiuuazinulsnlivaven g1 Jesiu uae Snwilsa 1ada Yem | 9m
oniau COVID-19 oniau COVID 19 Uaoy
2 | ayulnsfidinman shwilsauzise | ayulng fdenian Shwn lsauzide | 9719
Uaau
3 | Widensen seun "fugi-svwes- | Wdensen svuin dugll seees | 9713
VOULNULITDIADU-UATIIVANN" | VOUUAY LiiFosaeY UATTITENN | 939

dnsnhegean mlnewuthe 2.5
viluau @eTin 15 519 dagthudin
ALY %8 9ewenTal Nuay
vl faunnsnis 3 i

29NU15ULD

8091 e gegn v lne nu e
25 nitu au @eTI0 15 118 Jaqdu
Wi AmEes vda 9n wensal sy
2 ain vang Hufl §n unanis 3

AU aanun Suile
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No. | Topic Topic_After Label
a NSUANYIFERSAITUANEUSENIA | nSUAnemaEnsnsang Usena | 9
ANUEISINTYUannaInINy AMUEST N5 9 Temnas AN | 939
sailaiuumIngaelanen S7uile AU unIneds lewned
Ussmadju uaguminendeuiing | Uszina G way
TulasansIdeiadlsaseduuunand | unineideuing lu 1asenisive
W nAlulaguwinnssulnunig ToulsA SEAUUIUITIR AR
INYNEFRTNITUWINNE FNSU walulad winnssu vl e
ATIMANYUEINIRUENTINYEY | Iermans niswnng dmsu
uywdunziotalsn teliiteds | nsam nvaemeiugnisy ves
olselfusiug simdidu anansn | uywd uas e Yalsa 2e T
denldemazuSurunediuias | 30ade Taulse 1A walug 535
Tsalvaneas anennsiiie fu anunsa den 14 o1 way YU
UszasAanendnuialse wWiesjsd | vuinen du Sallse T wanzay
wlgunggiinilsn an 91713 b faUseasd 210 &
#u Yallse ile g 4 ulewe o
Jeulse
3195 | wnaiiou "lowinlvg" syuiantn | wue Weou liwinlug syuia win - | 9
utl viathegeRauidusamnd utl vi&a Y g9 daudt Ful 92 39

1.52 wausne ey 10 519 Aaday
2 WAUTIUIUDEIIA LAGFLATDS
913tA AN gaHuU-Uamey

FUNUNITIZUN

n11 152 k@ 578 a8 10 518 AN
Y78 2 ey 578 WU 9819 61 el
A8 939 919 3 41U AU W9 )

WU WUABN B9 LN NS SEU1A
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No. | Topic Topic_After Label
3196 | lugamssyuinvedladn-19 N5 | Tu 93 n13 sevm e 1adn 19 | A
Snwgueunsiufodudedndny M33nw quoule feidu A ORN
Tnelanzomnauazii fidesavenn | ey Tnsaniz 013 ua 1h 7
wazUaoadosion1suilon ve?l | fed avenn way Uaoasde s ng
fusznounsuazidudaonng as | Uilaa vaedl fusznounns way
SEUIVANFUIAUIAINNT dulla 21913 AT SeuF vian
U108 81713
3197 | nsuewnfo duasundeionsssld | nsuewe duasy v denssd 19 | 9
ayntufinguanuaiuasion wud | ayeduiin @aunm wil wag in Ey | 959
vu iueTesilolumsguaguam | Fvuy 1y 1n3esile Tu s qua
puoILaranluaTIs T9ReAsIs | quam awes uag gn Tu Asas 9
sthwlaidladluamdndlsadou | dansd ede derdles T au ifin
W Tsaseu
3198 | Fo-velunsevien laidesweounn | Fewe Tu naevieu laifes ve U773
uneeY. BUYIN U 11 988 939
3199 | 1NIN.ARTUUTNARUNTAINING | 1110 50 U8 SUUTAA gUnsal me | A
windlvudaniosdnaindunssy | nsunmd I8 uds 11 7 esdnns Uanyl
BECTAERH

4.1.4 Text Preprocessing Results for Case 4

This case involves cleaning the data using only the Removing Stop Words
method out of the three text preprocessing methods. Examples of the data before

and after cleaning, as specified, are shown in Table 13.
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No. | Topic Topic_After Label
0 | nsuAIUANLIA NTENTNAITITUGY | NTU AIUAN L3R NTENTN U773
avitufiaunSusoudiemnuben | as1sna Huil aundu sewdles | a3
Usgwnduiud uardeduldnguine | n9a9 e Ussunduius Teduld
anuilanssaizaoayvi wu vInY anufiansisa Uaen
tvieadien uazUsznaudlduing | uvs dhvieadien Ussvvu
insneusuwagBusenUfUanmy | Jlduinis msneusu Bugeu Ay
ApvINganuRiaNsasUaeay | nqvane anuitansisa Uaen
atiulvsl Sefimasfausfudl 3 v atiu fiua Juil 3 nuaius
NS 2562 TiH1us 2562 M1
1 | endesiunazsnwilsalisaden g1 Josriu Snwilsa 1i3a Yan U1
9nwau COVID-19 onLEu COVID- 19 Uaoy
2 | ayulwsfidanian Snwlseueise | ayulng fdanman Snwn Tsaueise U173
Uaou
3| [iFeneen seun "Yugii-seves- | [iGensen seunn " dundl - sees | M
VOULNUUIFDIADU-UATIIVENN" | - VDUKAU WiFDIADU - UATIWEN | 939

dnsnhegean lnewuthe 2.5
viluau @eTin 15 519 Dagthudiu
ALY 8 9ewenTal Nuay
pvianeuil faunnsnis 3 i

29NU15ULD

" o5m51 Ure lne U1e 2.5 wiilu Au
Hetin 15 Anudes 89t wensal
HU AN WU 90 1195015 3 98nUN

JUUD
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No. | Topic Topic_After Label
4 | psuavemEnsnsmgusEnIA | AsuIneImansnsuung Usgnne Llige!

ANUEISINTYUannaInINy ANuESa v Jennas Ausuile OB
SuefunmIngndelaied uvninede Tanfe Ussina guu
Ussimaduu uazaminetdeniion | uvninetdouiing lasenide Yo
TulassnsIdedalsasgauuuind | 15a sEAULILITIR Aeun
W nAlulaguwinnssulnunig walulad Winnssu MaInerans
INYNEFRTNITUWINNE FNSU NSUNNE ENUSU AT SNua
MTIVNYULNNRUGNTTUVDS yaviugnssn ywd We Yailse
wwéuazﬁai’m‘[iﬂ drglwitady | A9dy Tulsa waugi @en e
Solsaldwiug 9In5%u aansa | vwnen 1w Tadlse wsnvay an
WonldeuazuSuawnesuin | 81115 Neuseasd 91 au Tadlsa
lsaliangan ananishiing wlguie gi Jaulse
UszasAannednuialse 1oy
wlgunggiinilsn

3195 | wnaifiow "lowinlve)" szuiantn | nue weou " liuinlug " ssun 91
utl viathegeRauidusamnd wiin wi Uy aud 1.52 uau ane 939
1.52 waus1e ang 10 518 Aathe | 10 m1m U9e 2 waw 61 e a1y
2 wauseldusenan uifiaveds | au vae qoru - Wamen s¥u1a
91tA AN gaHuU-Uamey
Safiunisszunn

3196 | Tuananisszuinvedlain-19 n1s 52019 1A - 19 1153 Llige!
Snwguoundioierdudadndny guowde fewlu lnaaniy 0mns 934

o

lnglanizemisuayil Nesdyen
wazUaensiesianisuslag vauei
AUsENRUNTLaEHEUNAD T ALS

SEUIVANFUINUIDINNT

11 avenn Uaenasiy Uslaa
AUsznounTs dula 8113 1Seu3

WAN §UAU8 81113




Table 13 Text Preprocessing Results for Case 4

39

No. | Topic Topic_After Label

3197 | nswoundle duaSundeienssild | nsuewle duesy nds Remsss 24717
ayntufinguanusiuasion lud | ayaduiin @aunm wil win ey @ 34
yuy 1dueTesiiolumsguaguamm | vy 1n3esile gua guam gn
puowmazgnlunssd Taskiassd | asad dansad deides in Tsaeu
otseiodluaudnitilsaSeu

3198 | Fo-velunsevien laifesuoounm | ¥e - w18 Tu nawview luidos ve U773
fun1eee. DULIN Y. 939

3199 | MNIN.VBTUUINARUNTIINIMIS | 53, SuUIana gunsal mamsunnd | 913
windliudaniiesdmandunssy | uds asdnisindunssu Uaou

4.1.5 Text Preprocessing Results for Case 5

This case involves cleaning the data using the Replacing Numbers with Thai

Words and Removing Punctuation methods out of the three text preprocessing

methods. Examples of the data before and after cleaning, as specified, are shown in

Table 14.
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No. | Topic Topic_After Label
0 NFUAIUANLIA NIENTNEATITUEY | NN AIUAY 13A NTENTN U1
aviufiaundureudiemnuben | @513 as fufl aumdu seu | 93
Usgwnduiud uardeduldnguine | Wes ama lew Ussnduiud uas
anuilanssaizaoayyi wu aduld nguane anuitansisas
thvieadien uazuszaaudlduinig | Uaon yvid wu dhvieailen uay
insneusunagBurenUfUany | Ussviu gldusnis v msmeuiu
npvInganuiiansIsaizlasays | uay Busen VTR sungmane
atfulvsl Sefimasfausfudl 3 anuilansnsay Uaem yuis atu
NS 2562 TH1usN Tyl @9 Twa daus Suil anu
NUAMUS @es WU 9 Fou vin du
@09 i
1 entaaiuuazinulsnlivaven g1 Yoeriu uaz Snwilsa ada den | U
anwau COVID-19 gnau COVID @u 1N Uaay
2 | ayulwsiidanan Snwilseusse | ayulng fdanian Snwn lsansds | 9
Uaoy
3 | Widensen seun "fugi-svwes- | Wdensen svuin dugll seees | 9713
VOULNUUIFDIADU-UATIIVAN" | VOUUAY LiiFosaeU UATTIVENN | 939

dnsnhegean minewuthe 2.5
viluau @edin 15 519 dagthudiu
ANLEE YAa g9 enal Huaz
vl faunnsnis 3 i

29NUN5 VLD

8091 Uy gean 13 g wu Uag

@89 ¥ il AU LEUTIN AU S
Taqiu 1 Asdes 118 g

wensed Bl 98 AN a8 WU I

11M5A1S @13 LAY 99nun Suile
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No. | Topic Topic_After Label
i NSUANYIFNERSATUNNEUSENA | nSUAnemaEnsnsang Usena | 9
ANUEISINTYTannaInINy AMUEST N1 9 Temnas AL | 939
sadlaiuumIngaelanen S71ile AU unIneas lewned
Ussmadjlu uaguminendeuiing | Uszina G way
Tulassn s iadlsaseuuunnd | unineideuing lu lasenisive
W nAlulaguwinnssulnudnig ToulsA SEAUUIUITIR AR
INLIAEAASTNTUINNY EUSU wialulad winnssu vl e
ATIRMANYULINIRUENTINTEY | Iemans nisunng dmsy
uywdunziotaln dliiteds | nsram nvaemeiugnisy ves
olselfusiug simdidu ez | uywd uas e Yalsa 2e T
denldeuwazuSurunediuias | 30ade Taulse 1a walugi 5350
Tsalvvaneas anenisiie fu anunsa Ben 14 o1 way YU
Uszasranendnuialse wWiesjsd | vuinen du Sallse 1 wanzay
wlgunggiinilsn an 91713 b falseasd 210 &
#u Yallse ile s 4 ulewe o
Jaulse
3195 | wnaiow "lowinlve" syuiantn | vue wWeou liwinlug syuia win - | 9
utl viathegeRauidusamnd utl vi&a Y ge daudt Ful $2u 939

1.52 wausne ey 10 519 Aaday
2 WAUTIUUDE1IA LAGFLATDS
813 uAY YegaHU-UAmey

UNUNITIZUN

191 wils T Budes way 518 Mg

AU 5718 Am Ule @09 wau 518 1Ju
98119 A1 WA §LaT 939 919 B9 AU
AL 939 oy Wamey B9 Wi s

2UM




Table 14 Text Preprocessing Results for Case 5
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LEYNTTH

No. | Topic Topic_After Label
3196 | lugamsssuinvedladn-19 N5 | Tu 939 n13 seum vee ladn AU | A
Snwnauensleioidudeddny i1 Ms3nw quewnste deduds | 93
Tnelanzomnauaziin fidesavenn | iy Tnsaniz 013 ua 1h 7
wazUaoadusionisuilon ve?l | fed avenn uay Uaoasde sio N
fusznounsuazidudaonins as | Uslaa vaedl §usznounns uay
SEUIUANFUINU1AINNT dulla 2113 AT Seug vian
U108 8113
3197 | nswoundle dnaSundewienssdld | nsuewde duady wda deassd 14 | 91
ayntufinguanuiuasiin wud | ayeduiin @aunm wil wag in L\ | 959
vuy iueTesilolumsguaguam | Fvuy 1y 1n3esile Tu s qua
puoILagnluATIs T1eReAsss | quam awes uag gn Tu Asas Y
othwaidladluamdndlsadou | danssd ede deidles T au ifin
i Tsaseu
3198 | Fo-velunsevien laifesveounnm | Fewe Tu naevieu laifes ve U773
I ANaED BUYIN U 11 988 939
3199 | MINSNUBTUUTNARUNIAININMIT | N S0 V8 SUUTIA gUnIal e | 9717
windlvudaniosdnaindunssy | nsunmd 1 ude 11 7 esdnns Uaey

4.1.6 Text Preprocessing Results for Case 6

This case involves cleaning the data using the Replacing Numbers with Thai

Words and Removing Stop Words methods out of the three text preprocessing

methods. Examples of the data before and after cleaning, as specified, are shown in

Table 15.



Table 15 Text Preprocessing Results for Case 6

43

No. | Topic Topic_After Label
0 NFUAIUANLIA NIENTNEATITUEY | NN AIUAY 13A NTENTN U1
aviufiaunduseudiemnuben | as1snge wuil auindu rewdles | a3
Usgwnduiud uardeduldnguine | n9a9 e Ussunduius Teduld
anuilanssaizanayvi wu VY anufiansisa Uaen
tfvieadien uazUszanaudliuing | uvs dhvieadien Ussvivu
insneusuwagBusenUfUanmy | lduinis msneusu Bugeu Ay
npvInganuiiansaslaeayn | nqvane anuiiansisa Uaen
atulval Gelnadaudtuil 3 Y atiu fiwa Yudl & nuanviug
ANAILS 2562 TN @09 iU ¥ Sou vin Auass MKy
el
1 entaafiuuazinulsnlivaven g1 Josriu Snwilse 1i5a Yan U1
8nwau COVID-19 anLay COVID- &u 1M Uaay
2 | ayulwsiidanian Snwilseusse | ayulng fdanian Snwn lsansss | 9
Uaau
3 | Widensen szun "fugi-svues- | Widensen ssuin " daqdl - szges | 9717
VOULAUUITDIFDU-UATIIVENN" | - VDUKAU WiFDIADU - UATIIVEN | 959

dnsnhegean minewuthe 2.5
viluau @eTin 15 519 dagthudiu
ANLEE YAa g9 e Inal Huaz
vl faunnsns 3 i

29nUN5 VLD

" 9m51 Ve e Uhe d@aq . v vy
AU HeTIn Gur Aades gn
NYINTA WU AN WU $9 WIRTAIS

@131 89NN SUlD
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No. | Topic Topic_After Label

i NSUANYIFNERSATUNNEUSENA | nSUAnemaEnsnsang Usena | 9
ANUENSINTIINTennaAI AMUAST 91 Tennas anusinie | a5
SudefunmInendelaied uvninede Tanfen Ussina guu
Ussimaduu uazaminetdeniioa | uvninendouiing Tasanside Yo
Tulassmsideiaulsaszauuiunand | 19a SEAUUILITIR Wew
Waumalulaguinnssulminig wialulad uinnssu mMaIneiaans
INLIAEAASTNTUINNY EUSU NSUNNY ENMSU AT SNl
ATIINYULNNRUGNTTUVDS yaiugnssy ywd We Yailse
uywiandotnlsn Taeliiteds | 300s false udud don en
Salseldusdugn sanEaty awnse | vunen dru Salse wanzau an
WonldowazUsurunediuin | 91013 Neuszasd 81 e dallse
lsaliangay ananishing wlguie gi Jaulse
Uszasrannednuialse ey
wlgunggiinilsn

3195 | wnaiow "lowinlve)" szuiantdn | nue weou " liuinlug " ssun 917
utl viathegeRauidusamn wiin wid Uhe el . v duded uau | 93
1.52 wause e 10 918 aataey | ang 3u an Ui ded wau o
2 wauseidusene udfiavass | e 1w AU v getu - Wa
91t AN vigaiu-Wamey | Wwew sxun
Safiunisszunn

3196 | lurensszuinvedlain-19 n1s 52019 1Al - U 1A NS 41
Snwguoundioierdudadndny guowde fewlu lnsaniz 0mns | 939

o

lnglanganmsiayil Nfosagin
wazUaoasiuran1susiag v
AUTENIUNTLAEHEUNAD T ALS

SEUIVANFUINUIAINNT

11 avenn Uaenasy Uilaa
AUsznounTs dula 8113 1Seu3

AN UNAUIR 81UN3
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No. | Topic Topic_After Label

3197 | nswewsly duaSunduwnsssld | nsuewdy duaSu nd feessd | A
ayatuiinguamuduanon wud | ayaduiin guaiw ud wn wu d | 939
yuy idueTesiiolumsguaguamm | vuy 1n3esile gua guam gn
puodLargnluaTss Tekiasad | Asad deasss deufles in TsaSeu
otseiodluaudnitilsaSeu

3198 | Fo-veflunsevien laifesuoounm | ¥e - v1e Tu nawview luidos ve U773
I ANaED DUNA BE. 939

3199 | MNTN.UBTUUTIARUATAININMIS | 53 SuU3A gunsal mansuamg | 913
widludandiesdmandunssy | uds asdnisindunssu Uaoy

4.1.7 Text Preprocessing Results for Case 7

This case involves cleaning the data using the Removing Punctuation and

Removing Stop Words methods out of the three text preprocessing methods. Examples

of the data before and after cleaning, as specified, are shown in Table 16.

Table 16 Text Preprocessing Results for Case 7

No. | Topic Topic_After Label
0 NFUATUANLIA NTENTNATITUEY | NTU AIUAN 13A NTENTN U7
asitunawdunowliewsIndey | @s13auEy Wi awudu reuldles | 939

Uszmndunus waseruldngmung
amuﬁmmsmzﬂaamw‘% Wy
thvieadien uazUszanauglduing
Tin1snausuiasdugenufumny
nVINEanuRians sz Uaeays
adulml Feflnaousiuil 3

NUANUS 2562 MR

7929 1y Usznnduiug Seduld
AnvaNe aauilansnsa Uaen
Y3 thvieadlen Ussrwy
AlTUINS NMsmeusU Bugew Ay
AnvaNe aanuilansnsae Uaen
v atu fiua Juil 3 uaius

2562 1IN
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No. | Topic Topic_After Label
1 gdpsiunazsnwlsaliSalen g1 Uasiu Shwilse 15 Jon 2477
gntau COVID-19 gntau COVID 19 Uasy
2 | ayulwsiidanan Snwilseusse | ayulng fdanian Snwn lsawsss | 9n
Jasy
3 | Widensen seuin "fugi-svwes- | Wdensen svuin dugll seees | 9717
YOULNULNTDIADU-UATINUELN" YOULNY LUTOIFDU UATTIUEL A3
dnsnhegean mlnewuthe 25 | 8m1 Uae Ine Uhe 25 wilu Au
viluau @eTin 15 519 tagthuiin | 1@eTin 15 avundes gy weansal
AILAES 18 gamensal lude | Hu an Nuft $9 1asns 3 eann
AnvanELT Iaanasns 3 1Ry Suile
DOANISULD
q NSINYIANENTAITUNNEUTENA | NSUINBIAERSAITUNNG Usenid | A7
ANUEISINTYTannaInINy A5 v Jennas Ausuile | 939

sailpiuumIngaelanen
Ussimadiuu uazamineidoiing
TulassnsIdeinlsaseauuuieni
wawnalulaguwinnssulnunig
INYNFEFRTNITUWINNE FNSU
ATIVMANYULNNRUTNTIUVRY
wwéuazﬁaﬁ’m‘[iﬂ Yrelinitasiy
Salsaldwiug 93058 aunsa
Wonldeuazusuauinensuiu

TsAlALNZaL ana1nT kN

UszaAanginuinilse Liteyad

Y

wlgunggiinilsn

uvninede Tanfe Ussina guu
WIMINReNAna 1ASINITIvY T
15 SLAUUIUIYIA WAL

wAlulad Winnssu MaInerans
NISUANE @195V M1 anwedy
yaWugnTIY Iyed Lde Yaulsn
A9y Tulsa wiug @en o1
RN AU Tulsa unzay an
91715 WeUsEasA 81 a1y Julsa

ylouie 8@ Jaulsa

]
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No. | Topic Topic_After Label

3195 | wnaiow "lowinlvg" syuiantn | wue Weou liwinlug syuia win - | 9
W mé’qﬂaaqq&guwié’u?h’gmdw Wi Uy ful 152 wau a1 10 AA | 939
152 uause o 10 118 mathe | Uae 2 uau s fiay d Ay 1
2 wauseldueene uidiaveds | gonu Wamen szutm
913 uAY YegaHu-UAmey
afiunsszun

3196 | Tutanisszuiavedadn-19 ms | seuia 1a3a 19 n1s$nw queundiy | 9713
Snwnauenleioidudeddiny foulu lnsiamy ewns th avenn | 959
Tnelanzewnauazii fidesavenn | Uasads vilan fusznaums
wavUaensesensuilan vaedl | duda 013 Boud vwdn quiiuia
AUTENOUNSWASHANNER T AT | 8113
SYUIVANFVINUIAINNT

3197 | nswewsly duaSunduwansssld | nsuewdy duaSu v feessd | A
ayntufinguainuiuasion wud | ayeduiin avnm wiwin wn d | 959
yuy idueTesiiolumsguaguamm | vy 1n3esile gua guam gn
puowmazgnlunssd Takiassd | asad dansad deides iin Tsaou
ogsailodluaudnitilsaFeu

3198 | Fo-velunsevien laidesweounm | Fowe Tu nazvieu laifes ve U773
funnee. BUYIA N 908 39

3199 | MINTN.VBTUUTARUATAINIMIS | 51 SUUIA guUnTal mamsunnd | 913
widludandiesdmandunssy | uds asdnisindunssu Unou




4.1.8 Text Preprocessing Results for Case 8
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This case involves cleaning the data using all three text preprocessing methods

(Replacing Numbers with Thai Words, Removing Punctuation, Removing Stop Words).

Examples of the data before and after cleaning, as specified, are shown in Table 17.

Table 17 Text Preprocessing Results for Case 8

dnsnhegean minewuthe 2.5
viluau @eTin 15 519 dagthudiu
ALY %8s 9ewenTal Nuay
vl faunnsnis 3 i

29NUN5ULD

9051 U e Uy a@e9 i nilu
AU FedIn AU aEes g9
NYINTA WU AN WU $9 WIRSAIS

@11 89NN SUlD

No. | Topic Topic_After Label
0 NFUAIUANLIA NIENTNEATITNEY | NN AIUAY 13A NTENTN U1
aviiufiaunduseudiemnuben | as1snge wuil auisdu rewdles | a3
Usgwnduiud uardeduldnguine | n9an e Ussunduius Teduld
anuilanssaizanayys wu VY anufiansisa Uaen
thvieadien uazUsznaudlduing | uvs dhvieadien Ussvu
insneusuwazBubenUfUanmy | glduinis msneusu Bugeu Ay
npvInganuianssasUaeayn | nqvane anuitansisa Uaen
atulval Gelnadaudtuil 3 Y atiu e Yudl & nuanviug
ANAILS 2562 TN @09 iU ¥ Sou vin Auass MKy
)
1 entaaiunazinulsnlivaven g1 Josriu Snwilse 1i5a Yan U1
8nwau COVID-19 gnau COVID @u i1 Uaay
2 | ayulwsiidanian Snwilseusse | ayulng fdanian Snwn lsansds | 9n
Uasu
3 | Widensen seun "fugi-svwes- | Wdensen svuin dugll seees | 9717
VOULNUUITDIFDU-UATIIVENT" | VOUUAY LiiFosaeY UATTIVENN | 939
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No. | Topic Topic_After Label

4 NTANEIMEATITLINIUSENA | ASIANeImansnIsuwne dsznia | 9
AnudSansitennasmanm Anudsa v deanas Ansnile | 93
SudefunmInendelaied uvninede Tanfen Ussina guu
Ussimaduu uazaminetdeniioa | uvninendouiing Tasanside Yo
Tulpsan 99Tl snszauuIuT@ | 19a STAULIUITIR WL
Waumalulaguwinnssulngnig wialulad winnssu INeIEmEns
WIAAATNITLINNG d195U NTUNNE @MU AT Snvely
ATIINYULNNRUGNTTUVDS yaiugnssy ywd We Yailse
uywiandotnlsn Taeliiteds | 300s false udud don en
Salsaldwiugr sty awnsa | auinen du Salse wanzea an
@onldewazUsurunesiuins | 91013 WUsTaA 81 au Jalsa
lsaliangay ananishing wlguie gi Jaulse
Uszasrannednuialse ey
wlgunggiinilsn

3195 | wneiow "lowinlve" syuiantn | wue wWeou liwinlug syuia win - | 9
utl viathegeRauidusamn wi Uae ful v duded wau a1y | 939
1.52 uaus1e ane 10 918 mathe | 3u an Uae d@ed waw i faiae
2 wauserdueenein uidiaveds | d1u au v gou iawey szunm
913 uAY YegaHU-UAmey
Safiunisszun

3196 | Tug19n155zu1998dlA3n-19 15 | Szuie lada dU 10 19N 24717
Snwguoundioierdudadndny guowde fewlu lnsaniz 0mns | 939

o

lnglanganmsiayil Nfosagin
wazUaonsieran1susiag vaued
AUTENIUNTLAEHEUNAD T ALS

SEUIVANFUINUIAINNT

11 avenn Uaenasy Uilaa
AUsznounTs dula 8113 1Seu3

AN UNAUIR 81UN3
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Table 17 Text Preprocessing Results for Case 8

No. | Topic Topic_After Label

3197 | nswewsly duaSunduwnsssld | nsuewdy duaSu nd feessd | A
ayntufinguanuiuasion wud | aueduiin @avnm wi win wu d | 959
yuy idueTesiiolumsguaguamm | vuy 1n3esile gua guam gn

puodLargnluaTss Tekiasad | Asad deasss deufles in TsaSeu

agsaiaslUauinidnlsasSeu

3198 | ge-unglunsevion lidemeaygn | oue lu naeviey luses ve U773
funnee. BUYIA N 908 34

3199 | MNTN.VBTUUTARUATAININMIS | 51 SUUIA guUnTal mamsunnd | 913

WWNILALIIUNNDIANNSLAEINTTY | A DIANNSNEUNTTU Uaay

4.2 Accuracy of the Three Models for Different Text Preprocessing
Cases

The Naive Bayes model achieved the highest accuracy of 0.9344 in case 2,
which only involved replacing numbers with Thai words. The lowest accuracy of 0.9156
occurred in cases 6-8, all of which included removing stop-words. Removing
punctuation had minimal impact on accuracy. These results suggest that for the Naive
Bayes model, removing numbers improved performance slightly, while removing stop-
words decreased accuracy. Punctuation removal was largely inconsequential, as shown

in Figure 5.
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Figure 5 Naive Bayes Model Accuracy for Different Text Preprocessing Cases

The SVM model showed the best accuracy of 0.9547 in case 2, again using only
replacing numbers with Thai words. The lowest accuracy of 0.9266 was in case 4, which
only removing stop-words. Like with Naive Bayes, removing numbers boosted accuracy
while removing stop-words reduced it, and punctuation removal had little effect.
However, the accuracy changes were more pronounced for SVM compared to Naive

Bayes, as shown in Figure 6.
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Figure 6 SYM Model Accuracy for Different Text Preprocessing Cases

Random Forest achieved peak accuracies of 0.9297 in both case 2 (Replacing
numbers with Thai words only) and case 5 (Replacing numbers with Thai words and
Removing punctuation). The worst accuracy of 0.9047 was in case 6 (Replacing
numbers with Thai words and Removing stop-words). Once again, number removal
improved accuracy, stop-word removal decreased it, and punctuation removal was
mostly neutral. The accuracy fluctuations were smaller than for SVM but larger than

Naive Bayes, as shown in Figure 7.
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Figure 7 Random Forest Model Accuracy for Different Text Preprocessing Cases

Across all three models, the best results occurred when using only text
preprocessing method 1 (replacing numbers with Thai words), with peak accuracies of
0.9344 for Naive Bayes, 0.9547 for SVM, and 0.9297 for Random Forest. The lowest
accuracies for each model were seen when stop-word removal was included.

The preprocessing techniques applied to the Thai health news dataset
revealed several key insights. First, removing numbers that were accompanied by Thai
words led to consistent improvements in accuracy across all models tested, suggesting
that the presence of numbers in this context may introduce noise and hinder
classification performance. Second, contrary to expectations, removing stop-words
resulted in decreased accuracy for all models, indicating that these commonly
occurring words contain valuable information for distinguishing between real and fake

health news in the Thai language. Third, the removal of punctuation had minimal
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impact on the models' performance, implying that punctuation does not play a
significant role in differentiating between the two classes of news articles. Finally, the
Support Vector Machine (SVM) model demonstrated the highest overall accuracy and
was the most sensitive to changes in preprocessing techniques, followed by the

Random Forest model and then the Naive Bayes model.

Table 18 Accuracy of the Three Models for Different Text Preprocessing Cases

Case | Method Naive Bayes Support Vector Random Forest
Machine
1 No 0.9312 0.9516 0.9281
2 1 0.9344 0.9547 0.9297
3 2 0.9312 0.9500 0.9281
4 3 0.9172 0.9266 0.9062
5 1,2 0.9328 0.9516 0.9297
6 1,3 0.9156 0.9344 0.9047
7 2,3 0.9156 0.9297 0.9078
8 1,2,3 0.9156 0.9359 0.9141

Remark: 1 = Replacing Numbers with Thai Words, 2 = Removing punctuation, 3 = Removing stop-words



Figure 8 Accuracy of the Three Models for Different Text Preprocessing Cases

55



56

Chapter 5

Conclusion and Suggestion

Chapter 5 is divided into two parts: an analysis of the results from Chapter 4

and future research directions.

5.1 Conclusion

When examining the impact of changing text preprocessing methods on model
accuracy, it was found that for all models, the Replacing Numbers with Thai Words
method yielded the best results and outperformed the case where none of the three
text preprocessing methods were used. This is likely due to the relatively high accuracy
of converting numbers to Thai text using PyThaiNLP.

This was evident even in cases involving years such as "2562" being correctly
converted to "@09 Wi %1 Y08 A @UdQ". However, the Replacing Numbers with Thai
Words method providing the best results, there were still minor differences. This may
be because, in some cases, the conversion is not entirely accurate, such as converting
"1.52" to "nile.shAuaes” instead of "nils.vhand".

The Removing Punctuation method yielded similar results to the case where
none of the three text preprocessing methods were used. The reason why this
method did not improve accuracy is likely because removing punctuation may cause
some parts of the sentence to lose meaning. For example, removing the "lafgun"
symbol, which is used to indicate word repetition, may reduce the occurrence of
repeated words.

Lastly, the Removing Stop Words method resulted in the lowest accuracy
compared to the other two methods and even performed worse than the case where
none of the three text preprocessing methods were used. This is likely because the
list of stop-words used for word removal was not specifically designed for
misinformation detection but was taken from PyThaiNLP. As a result, in some cases,

words with significant meaning may have been removed, such as "84luey" or "Ianuoy".
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When comparing the models used, it was found that when using the same text
preprocessing methods, Support Vector Machine provided the highest accuracy
compared to Naive Bayes and Random Forest. This is likely because SVMs generally
perform well with smaller datasets compared to other algorithms and are effective

when there is a clear separation between classes in the feature space.

5.2 Limitation

The experiments in this research were conducted on a dataset with a limited
size, which may affect the generalizability of the findings. The study focused on Thai
health-related fake news, and the effectiveness of the text preprocessing methods

may vary when applied to fake news in other categories or languages.

5.3 Suggestion
The suggestions are divided into two parts: recommmendations for improving the
three text preprocessing methods used in this research and other interesting

suggestions for future experimentation.

5.3.1 Suggestion for Enhancing the Text Preprocessing Methods Used in this
Research

In the future, the three text preprocessing methods selected for this research
can be further explored. For the Replacing Numbers with Thai Words method,
experiments can be conducted to find ways to convert numbers to Thai words while
considering the context of Thai pronunciation. For example, converting "1.52" to "wila,
W1@ea". For the Removing Punctuation method, experiments can be conducted by
converting punctuation marks that affect meaning into Thai words. For instance,
converting the "lafun" symbol to repeated word or converting the "uwaia" symbol
to the word "3 a". Lastly, the Removing Stop Words method can be further explored

by creating a list of words that are suitable for misinformation detection.
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5.3.2 Expanding the Scope of Experimentation

In the future, additional experiments can be performed using a larger dataset
of Thai health-related fake news, as well as fake Thai news in other categories.
Moreover, the impact of text preprocessing methods other than the three used in this
research can be explored, such as converting commonly used abbreviations to their

full names, translating English words to Thai, and correcting misspelled words.
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