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Abstract- Social media has emerged as an essential component of 

daily life for many individuals, fulfilling various roles including 

entertainment, commerce, personal communication, and the 

preservation of social connections. A primary area of investigation 

in the realm of social media is sentiment analysis, which plays a 

crucial role in market research and crisis management. This 

analysis has been conducted using machine learning algorithms. 

At present, there is a deficiency of sentiment analysis research 

available in the Thai language. This research introduces a 

framework for sentiment analysis in Thai, employing Decision 

Trees, Random Forest, Logistic Regression, K-nearest Neighbors, 

Support Vector Machine (SVM), and Naive Bayes. The datasets 

used in this study were COVID-19 news obtained from six Thai 

news Twitter or X channels. The experiments were carried out on 

three datasets: original tweets, short sentences, and short texts that 

expressed a single sentiment: positive, neutral, or negative. In the 

analysis of these datasets, the Random Forest model derived from 

original tweets demonstrated superior performance in sentiment 

classification, with an accuracy of 0.90 and an F1 score of 0.93. 

 

Index Terms- sentiment analysis, natural language processing, 

machine learning, text mining, random forest. 

 

I. INTRODUCTION 

he analysis of sentiment in news articles utilizes Natural 

Language Processing (NLP), machine learning, and 

computational linguistics to evaluate the emotional tone or 

subjective perspectives expressed in news content, including both 

articles and headlines. The primary objective is to ascertain 

whether the news presents a positive, negative, or neutral 

sentiment concerning a specific topic, entity, individual, or event. 

The sentiment conveyed in news reporting—whether positive, 

negative, or neutral—can profoundly affect the emotional 

responses of the audience and influence the broader public 

sentiment associated with an issue. During crises, understanding 

public sentiment is vital for effective communication and the 

implementation of measures that the public is likely to accept and 

adhere to. Public sentiment is pivotal in crisis management, as 

grasping it is crucial for effective communication and the 

successful execution of initiatives that the public will support. 

This sentiment analysis study is grounded in data gathered from 

prominent news sources during the COVID-19 pandemic 

spanning from 2020 to 2022. Currently, the dominant approach to 

building predictive models in almost every field of study is with a 

deep learning algorithm, including in NLP. A variety of machine 

learning methodologies has been developed to improve the 

accuracy and effectiveness of sentiment analysis. Each 

classification method, such as Decision Trees, Random Forest, 

Logistic Regression, K-nearest Neighbors, Support Vector 

Machine (SVM), and Naive Bayes, offers unique benefits and 

drawbacks. Therefore, it is essential to conduct a comparative 

study of these techniques to determine the most efficient one for 

sentiment analysis. Additionally, the correlation between the 

length of texts, both short and long, and the performance of models 

presents a compelling area of study. This study aims to evaluate 

and compare the performance of various classification models 

derived from long and short texts in analyzing the sentiment of 

news tweets, with the objective of identifying the most effective 

approach for enhancing sentiment assessment. 

II. THEORETICAL BACKGROUND 

 

2.1 Corpus-based Sentimental Analysis 

 

Sentiment analysis, also known as sentiment categorization, 

encompasses various modules, one of which is polarity analysis. 

This aspect is frequently referred to as 'opinion analysis' within the 

context of sentiment analysis. The primary objective of polarity 

analysis is to determine the tone of individual texts, which is 

traditionally classified as either positive or negative[1]. Sentiment 

analysis can be approached through either dictionary-based or 

corpus-based methods. This study employs a corpus-based 

approach to validate the emotional content of sentences, utilizing 

patterns in linguistic structure (syntax) and word meanings 

(semantics). By starting with a predefined list of sentiment words 

and their associated orientations, this method examines a 

substantial corpus for sentiment tokens and their orientations by 

identifying syntactic or related patterns [2]. The corpus-based 

approach is particularly useful in specific methodological 

contexts, requiring a significant amount of labeled data for 

training. It effectively addresses the challenge of opinion words 
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that have context-dependent orientations, as demonstrated in 

previous research. 

 

2.2 Decision Tree 

 

The Decision Tree is a supervised machine learning algorithm. . 

Decision Tree is a prediction model that can be used to represent 

the classification and regression models. In decision tree, the 

training data is represented as a root node. A decision tree serves 

as a structured depiction of the relationships between these 

mappings. It can manifest as a singular leaf node assigned to a 

specific category or as a more complex structure comprising a root 

node linked to multiple sub trees. The configuration of an 

instance's attributes enables a test node to forecast the outcome, 

with each sub tree corresponding to a potential result. The root 

node is the initial point of reference when classifying an item. If 

this node functions as a test, the process continues with the 

relevant sub tree, determining the instance's result. The predicted 

class for an instance is indicated on the label of the leaf once 

identified. A decision tree can be constructed from a set of cases 

through a 'divide and conquer' methodology. When all nodes 

within the tree belong to a single class, that node is designated as 

a leaf, and the appropriate label is assigned. Conversely, if this is 

not the case, a test is chosen that produces distinct outcomes in at 

least two scenarios, leading to a differentiated classification of 

cases. The test is represented by the initial node in the tree. 

Reapplying this method to the subset of instances that yield that 

result generates the corresponding sub tree. To enhance 

performance, a grid search for hyper parameter tuning is employed 

with the Decision Tree Classifier. This tuning encompasses 

parameters such as the splitting criterion, maximum depth, 

minimum samples required for splitting, and minimum samples 

for leaf nodes. By systematically exploring the defined parameter 

grid, the grid search identifies the optimal classifier, thereby 

optimizing the decision tree model's efficacy by selecting the most 

appropriate hyper parameters for the dataset in question [3]. 

Sentiment analysis research employing decision tree 

methodologies can be found in references [4] [5] and [6]. 

 

2.3 Random Forest 

 

Random Forest has been wildly used in classification, prediction, 

and regression. The Random Forest algorithm is especially 

advantageous in situations where the ability to interpret results, 

utilize ensemble learning techniques, and handle intricate datasets 

are essential considerations. The random forest algorithm exhibits 

an exceptional ability to handle complex datasets with high-

dimensional characteristics while providing accurate predictions. 

The algorithm generates numerous decision trees, each trained on 

a randomly selected subset of the original dataset. These trees are 

constructed by randomly choosing features at each node and 

determining splits based on optimal criteria, such as Gini impurity 

or information gain. By aggregating the predictions from multiple 

decision trees, Random Forest effectively diminishes the 

likelihood of over fitting, thereby enhancing the model's overall 

accuracy and robustness. A significant benefit of Random Forest 

is its capability to accommodate both categorical and continuous 

features without necessitating extensive preprocessing. It 

effectively handles absent data while maintaining impressive 

predictive accuracy, even in the presence of extraneous or 

irrelevant variables.. Furthermore, Random Forest provides 

essential insights regarding feature significance, allowing users to 

identify the most influential features that affect the prediction 

process. [7]. This insight can facilitate feature selection and 

deepen the understanding of the underlying relationships within 

the dataset. This method is advantageous for sentiment analysis, 

as it integrates multiple decision trees to enhance prediction 

accuracy. The examples of sentiment analysis research utilizing 

random forest algorithm can be found in studies [8] [9] and [10]. 

2.4 Logistic Regression 

 

Logistic Regression is a statistical method employed in 

classification tasks and predictive analytics. This algorithm serves 

as a predictor within machine learning frameworks for 

classification problems, integrating principles from statistics and 

probability theory for effective analysis. It utilizes a linear 

regression equation to generate discrete binary outcomes; 

however, in contrast to linear regression, its cost function is 

represented by the Sigmoid function. This function, characterized 

by its S-shaped curve, is also referred to as the logistic function. 

The output of this model is an integer value that quantifies the 

likelihood of a text belonging to a specific category, such as 

positive, neutral, or negative sentiments. Final classifications are 

determined by selecting the category with the highest probability. 

To develop the model, a selection of input features is identified, 

which may include the words present in the text or specific N-

grams. These features are assigned weights, and a bias term is 

incorporated into the model. Subsequently, the model undergoes 

training through an optimization algorithm, such as gradient 

descent, which seeks to identify the optimal weights and bias that 

minimize the discrepancy between the predicted probabilities and 

the actual labels [11]. Instances of sentiment analysis research 

deploying logistic regression include [12] [13] and [14]. 

 

2.5 Support Vector Machines 

 

Support Vector Machines (SVM) represent a category of 

supervised learning techniques applicable to both classification 

and regression tasks. The SVM methodology involves identifying 

an optimal hyper plane that maximizes the separation between 

distinct classes. The margin, defined as the distance from the 

nearest data points to the hyper plane, is determined by these 

critical points known as support vectors. SVM employs a kernel 

function to map data into a higher-dimensional space, thereby 

improving the data structure for enhanced separability. SVM is 

particularly effective for sentiment analysis, as it identifies an 

optimal hyper plane to distinguish between classes, adeptly 

manages high-dimensional feature spaces, and captures complex 

interrelations between words and sentiments. Its efficacy in 

addressing intricate and high-dimensional datasets has made SVM 

a favored choice across various fields, including text 

classification, image recognition, and bioinformatics. A notable 

advantage of SVM is its capacity to accommodate non-linear 

decision boundaries through the application of kernel functions. 

By utilizing these kernels, SVM can discern complex relationships 

and patterns within the data. The core objective of SVM is to 

establish the optimal hyper plane that maximizes class separation 

within the feature space. Additionally, SVM supports various 

http://ijsrp.org/


International Journal of Scientific and Research Publications, Volume 15, Issue 5, May 2025              146 

ISSN 2250-3153   

  This publication is licensed under Creative Commons Attribution CC BY. 

10.29322/IJSRP.15.05.2025.p16115     www.ijsrp.org 

kernel functions, such as linear, polynomial, Gaussian (RBF), or 

sigmoid, providing the flexibility to tailor the algorithm to diverse 

data types and problem contexts. In summary, SVM is a robust 

and adaptable machine learning algorithm that has gained traction 

due to its impressive performance and capability to manage 

complex datasets [15]. The examples of sentiment analysis 

research utilizing SVM are [16] [17] and [18]. 

 

 

 

2.6 K-Nearest Neighbor 

 

The K-Nearest Neighbor (KNN) algorithm represents a 

straightforward yet powerful machine learning method. It is 

applicable in both classification and regression tasks, although its 

primary use is in classification predictions. This algorithm 

organizes data into well-defined clusters or subsets, allowing it to 

make predictions for new instances based on their similarity to 

previously encountered data. The input is categorized according to 

the class that shares the closest neighbors. To optimize the model's 

performance, a grid search employing cross-validation is 

conducted to determine the optimal value for the number of 

neighbors parameter (k) in the KNN classifier, with potential 

values of 3, 5, 7, and 9 being assessed. The grid search assesses 

the KNN classifier's performance through 5-fold cross-validation 

and utilizes accuracy as the scoring metric, aiming to identify the 

k value that yields the highest accuracy for the classifier [19]. 

Instances of sentiment analysis research deploying KNN can be 

found in studies [20] [21] and [22]. 

 

2.7 K-Nearest Neighbor 

 

The Naïve Bayes algorithm is widely recognized as the 

predominant approach for conducting sentiment analysis. This 

technique operates on the principles of Bayes' theorem and is 

categorized under supervised learning for classification tasks. It 

employs conditional probabilities to determine the likelihood of 

an event belonging to a specific class. By utilizing various 

probabilities in conjunction with Bayes' theorem, the Naïve Bayes 

algorithm effectively classifies data. The model predicts the class 

with the highest probability as the outcome. Additionally, the term 

Maximum a Posteriori is often used interchangeably with Naïve 

Bayes. This algorithm presents both advantages and disadvantages 

across multiple domains. Notably, it is characterized by its speed 

and remarkable scalability, making it suitable for both binary and 

multi-class classification tasks. Furthermore, it can yield 

satisfactory results even with smaller datasets. The Naïve Bayes 

algorithm encompasses several variations, such as Multinomial 

Naïve Bayes, Bernoulli Naïve Bayes, and Gaussian Naïve Bayes 

[23]. The examples of sentiment analysis research utilizing Naïve 

Baynes algorithm are [24 [25] and [26]. 

 

III. RESEARCH METHODOLOGY 

 

3.1 Research Method 

 

Data for the research were gathered from the Twitter (or X) 

platform utilizing Apify services. This data encompasses six Thai 

news channels during the COVID-19 pandemic from 2020 to 

2022, resulting in a total of 2,761 tweets. Subsequently, the 

collected news tweets were segmented into individual words for 

further analysis. The research employed pythainlp, a Thai text 

processing library in Python, to eliminate stop words and tokenize 

the news tweets. The TfidfVectorizer() from scikit-learn was then 

utilized to convert the text data into a numerical format that is 

compatible with machine learning models for sentiment analysis. 

The study utilized three datasets to train and evaluate the models: 

the original tweets, short sentences, and brief texts that convey a 

single sentiment. The short sentences and texts were derived from 

the original tweets, with each tweet, sentence, or text labeled as 

positive, neutral, or negative in sentiment. The datasets of tweets, 

sentences, and texts were employed to train and test various deep 

learning models, including decision trees, random forests, logistic 

regression, support vector machines, k-nearest neighbors, and 

naïve Bayes. Figure 1 illustrates the research methodology 

employed in this study. 

 

 
figure1: Research Methodology 

 

IV. RESULTS 

 

The total number of original tweets amounts to 2761, as depicted 

in figure 2. Figure 3 demonstrates that the dataset exhibits an 

imbalance regarding sentiment polarity.  
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figure2: News Tweets Dataset 

 

 

  

 
 

figure3: News Tweets accompanied by Sentiment Annotations 

 

Six machine learning models for sentiment classification, 

including decision tree, random forest, logistic regression, support 

vector machine, k-nearest neighbor, and naïve Bayes, were trained 

and tested on three datasets: original tweets, short sentences, and 

short texts. Subsequently, these models were employed to classify 

news tweets. Figures 4, 5, and 6 present the classification reports 

for the most efficient machine learning models among six 

evaluated.  Figure 4 pertains to the model trained and tested on 

original tweets, figure 5 to the model trained and tested on short 

sentences, and figure 6 to the model trained and tested on short 

texts. When evaluating models that were trained and tested on 

original tweets and short sentences, it is evident that the random 

forest classifier demonstrated superior performance compared to 

the decision tree, logistic regression, support vector machine, k-

nearest neighbors, and naïve Bayes models. As indicated in 

Figures 4 and 5, the random forest classifier models achieved an 

F1-score of 0.93 and 0.85. In contrast, among the models 

evaluated on short texts, the support vector machine model 

achieved the highest performance, attaining an F1-score of 0.62. 

  

 
 

Figure 4: Sentiment classification report of random forest 

classifier models trained and tested on original tweets. 

 

   
 

figure5: Sentiment classification report of random forest 

classifier models trained and tested on short sentences. 

 

  
 

figure6: Sentiment classification report of random forest 

classifier models trained and tested on short texts. 

V. CONCLUSION 
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In the context of performance assessment, due to the imbalanced 

characteristics of research datasets, the F1 score is employed as a 

metric for evaluation. Analysis of the gathered datasets indicates 

that random forest classifier models are the most effective for 

sentiment analysis of Thai text. Furthermore, the model derived 

from original tweets demonstrates superior performance 

compared to that of short sentences and short texts. Consequently, 

it is not necessarily true that shorter sentences yield better 

performance, as previously suggested. Additionally, it has been 

asserted that the combined use of multiple neural network models 

outperforms individual models on average. Future research will 

focus on training and testing various neural network models for 

sentiment analysis on different data sets: original tweets, short 

sentences, and short texts. The research intends to employ LSTM 

and Bidirectional-LSTM in conjunction with CNN, GRU, and 

Bidirectional-GRU, exploring various combinations and 

configurations. 
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