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Abstract. 

The government’s policy to increase the Value Added Tax (VAT) rate in 2025 has sparked various public reactions, particularly on the 

social media platform Twitter. This study aims to analyze public sentiment toward the policy using the Knowledge Discovery in Database 

(KDD) approach. Data were collected through Tweet-Harvest from January to May 2025 and processed through several stages, including 

text preprocessing, transformation into numerical representation using the Term Frequency–Inverse Document Frequency (TF-IDF) 

method, and feature selection with Information Gain. Sentiment classification was conducted using the Support Vector Machine (SVM) 

algorithm, while parameter tuning (hyperparameter tuning) was performed via Grid Search to optimize model performance. Model 

evaluation was carried out using accuracy, precision, recall, and F1-Score metrics. The analysis revealed that public opinions were 

categorized into three sentiment classes: positive, negative, and neutral, with negative sentiment being the most dominant. These findings 

provide insight into public perception of the VAT increase and can serve as a reference for the government in developing more effective 

and responsive policy communication strategies. 
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1 Introduction 

Indonesia's Value Added Tax (VAT) increase policy in 2025 has elicited a variety of responses from the public. Since the VAT rate was 

raised from 11% to 12%, numerous public discussions have emerged on various social media platforms, particularly Twitter. This 

platform is often used by the public to voice opinions, both in support of and criticism of government policies. This situation demonstrates 

the importance of understanding public sentiment so that policy implementation can be more effective and gain public acceptance. 
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Sentiment analysis is a branch of text mining that focuses on extracting public opinion from text-based data. Previous research has shown 

that machine learning algorithms, particularly Support Vector Machines (SVMs), have a high ability to classify sentiment from social 

media. Several studies examining public responses to issues such as the COVID-19 vaccine, restrictions on public activities, and fuel 

price increases have demonstrated the effectiveness of SVMs in identifying positive, negative, and neutral sentiment. Based on these 

research findings, this study was conducted to examine public perception of the Value Added Tax (VAT) increase policy in Indonesia. 

This research utilized the Knowledge Discovery in Database (KDD) method, which encompasses data selection, preprocessing, 

transformation, data mining, and evaluation. Data was collected using Tweet-Harvest with keywords related to VAT, then processed 

using text preprocessing and TF-IDF transformation techniques. Next, the SVM algorithm was applied to sentiment classification by 

optimizing parameters using Grid Search. 

 

2 Literature Review 

 
Sentiment Analysis in Public Opinion 

Sentiment analysis has been widely used to understand public opinion regarding social issues and government policies. Through this 

analysis, data gathered from social media, especially Twitter, can provide insights into public perception of a particular policy or social 

phenomenon. Several previous studies have served as foundational references in this research, providing a basis for developing a more 

systematic and efficient approach. 

Aisyah (2023) 

Aisyah (2023) conducted sentiment analysis on Twitter data using the Support Vector Machine (SVM) algorithm with a lexicon-based 

approach. The results indicated that combining effective preprocessing methods with Term Frequency-Inverse Document Frequency (TF-

IDF) weighting significantly improved classification accuracy. This study concluded that the combination of proper preprocessing and 

TF-IDF greatly contributed to enhancing the performance of sentiment classification models. 

Putri and Idris (2024) 

Putri and Idris (2024) studied public sentiment toward taxation policies using machine learning techniques. Their research emphasized 

the importance of optimal data preprocessing and hyperparameter optimization to achieve more accurate classification results, as well as 

to balance the class distribution. They found that improving the quality of preprocessing and performing hyperparameter tuning helped 

reduce class imbalance and improved the accuracy of sentiment analysis across positive, negative, and neutral categories. 

Xu et al. (2022) 

Xu et al. (2022), in their systematic review, explained that using social media as a data source for sentiment analysis offers significant 

opportunities for public policy research. However, they highlighted the challenges associated with data imbalance and the variation in 

language used by social media users. These factors require careful handling of data processing and sentiment classification, as tweets 

often contain informal language and diverse linguistic styles. 

 

3 Research methods 

This study applies the Knowledge Discovery in Database (KDD) approach, which consists of five main stages: data selection, 

preprocessing, transformation, data mining, and evaluation. The object of this research is public opinion regarding the planned Value-

Added Tax (VAT) increase in Indonesia, collected from social media Twitter. Data is gathered using Tweet-Harvest, a web scraping tool 

that extracts tweets based on specific keywords. The data collection period is set from January to May 2025, with a focus on Indonesian-

language tweets relevant to the research topic. 

In the data selection phase, tweets related to the VAT increase topic are filtered using relevant keywords such as "kenaikan PPN" (VAT 

increase), "Pajak Pertambahan Nilai" (Value-Added Tax), and "PPN 2025". This selection process ensures that only tweets directly related 

to the VAT increase policy are included, providing a focused dataset for subsequent analysis. 

Once the data is collected, the next stage is preprocessing, which is crucial for preparing the text data for analysis. In this phase, data 

cleaning is performed by removing irrelevant elements such as URLs, mentions (@user), hashtags, and emoticons, which may interfere 

with the analysis. Additionally, case folding is applied to convert all text to lowercase to ensure consistency, and tokenization is used to 

split the text into individual words or tokens. The preprocessing stage also involves stopword removal, eliminating common but non-

informative words such as "dan" (and), "atau" (or), and "dari" (from). Stemming is applied to reduce words to their root form using the 

Sastrawi library, which is specifically designed for Indonesian language processing. Lastly, normalization is performed to standardize terms 

and correct spelling errors. 
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After preprocessing, the next step is data transformation, where the cleaned text data is converted into a numerical format suitable for 

machine learning algorithms. This transformation is done using the Term Frequency-Inverse Document Frequency (TF-IDF) method, which 

evaluates the importance of each word in the corpus relative to the entire dataset. By applying TF-IDF, more weight is given to words that 

are rare across documents but frequent within a specific document, making these words more relevant for sentiment analysis. Additionally, 

feature selection is performed using the Information Gain algorithm to choose the most significant features that enhance sentiment 

classification. This step helps reduce dimensionality and improves the relevance and quality of features used in the model. 

In the data mining phase, this study utilizes the Support Vector Machine (SVM) algorithm as the primary method for sentiment 

classification. SVM is chosen due to its proven effectiveness in analyzing natural language texts and its ability to separate data into distinct 

classes, in this case, positive, negative, and neutral sentiments. To maximize the model’s performance, hyperparameter tuning is conducted 

using Grid Search, a technique that systematically tests different combinations of parameters such as kernel function selection (e.g., linear 

or radial basis function) and regularization parameter (C). This process optimizes the SVM model to ensure the best performance. 

Additionally, cross-validation is applied to ensure the model generalizes well and avoids overfitting the training data. 

In the evaluation stage, the trained SVM model is tested using various metrics to assess its performance. The evaluation metrics include 

accuracy, which measures the proportion of correctly classified tweets out of the total number of tweets; precision, which calculates how 

accurately positive sentiment is classified; recall, which measures how well the model detects positive sentiment; and the F1-Score, which 

provides a balance between precision and recall. A confusion matrix is also applied to analyze the model’s ability to classify tweets into 

the three sentiment categories: positive, negative, and neutral. The confusion matrix will provide a detailed view of classification 

performance and help evaluate if the model is distinguishing between the classes effectively. 

All of the research processes, including data collection, preprocessing, feature extraction, classification, and evaluation, will be 

implemented using the Python programming language on the Google Colaboratory platform. Google Colaboratory offers GPU support, 

enabling faster computation and model training. Python libraries such as Scikit-learn, Sastrawi, and Pandas will be used for data 

manipulation, machine learning, and text processing. 

 

Figure 1: Flowchart of design flow. 

4 Results and Discussion 

 
The final evaluation of the model using the Support Vector Machine (SVM) algorithm, optimized through Grid Search, yielded an accuracy 

rate of 57.96% in classifying public sentiment regarding the Value-Added Tax (VAT) increase policy in Indonesia. A total of 2,161 tweets 

were analyzed, with the following sentiment distribution: 

a. 374 tweets with positive sentiment 

b. 1,261 tweets with neutral sentiment 

c. 526 tweets with negative sentiment 

The results indicate that neutral sentiment predominates in the public conversation surrounding the VAT increase issue, followed by 

negative and positive opinions in smaller proportions. The majority of public responses were neutral, suggesting that many individuals 

either did not have a strong opinion or did not express an emotional response towards the VAT increase policy. This neutrality might 

indicate that the public is either cautiously observing the policy changes or feels indifferent to the matter, rather than expressing strong 

support or opposition. 

Neutral Sentiment Dominance 

The dominant neutral sentiment suggests that many people did not feel strongly either in favor of or against the VAT increase. This could 

imply a lack of in-depth understanding or a desire for more detailed information about the policy. A neutral response may also reflect public 
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uncertainty or confusion about how the policy might impact them directly. In some cases, people may not have formed a firm opinion yet, 

pending further clarification or additional context from the government or relevant stakeholders. 

 

Negative Sentiment 

While neutral sentiment was dominant, negative sentiment was the second most prevalent. This indicates that a significant portion of the 

public harbors concerns or disapproval about the VAT increase. The negative sentiment could stem from concerns over the potential 

economic impact, such as increased living costs, reduced purchasing power, or skepticism about the effectiveness of the policy. People 

may also associate higher taxes with economic hardship, especially during times of economic uncertainty. Additionally, negative sentiment 

could reflect the frustrations of individuals who feel that the government's decision was made without sufficient consultation or 

communication. 

 

Positive Sentiment 

The positive sentiment was the least prevalent, which could indicate that, while some people may view the VAT increase as a necessary 

step for boosting government revenue, this perspective was less commonly expressed. Positive sentiment towards tax increases is often 

more difficult to generate, as tax hikes are typically seen unfavorably by the general public. However, some individuals may believe that 

the increase is justified, possibly due to its potential to improve public services or address economic imbalances. 

 

Sentiment Distribution Results 

The Sentiment Distribution after Preprocessing (as shown in the bar chart below) reveals that the neutral sentiment dominates the dataset, 

with over 1,200 tweets categorized as neutral, compared to about 500 negative and 350 positive tweets. This highlights that the public 

discussion around the VAT increase is largely cautious or non-committal. 

 
Figure 1: Sentiment Distribution after Preprocessing 

Classification Report 

In terms of performance, the model's precision, recall, and F1-Score were calculated and presented in the classification report shown below. 

The model performed well in identifying neutral sentiment, with a recall of 0.98 and an F1-Score of 0.73. However, the model struggled 

with classifying positive and negative sentiments, with precision and recall values of 0.00 for the positive sentiment class. This indicates 

that the model had difficulty distinguishing positive sentiment from the other classes, which may be due to the relatively low number of 

positive tweets and the challenges of accurately identifying positive opinions in social media data. 

 
Figure 2: Classification Report of the Sentiment Analysis Model 

Implications for Policy Communication 

These findings highlight the importance of effective government communication strategies. The prevalence of neutral and negative 

sentiment indicates that there is a need for the government to better communicate the reasons for the VAT increase, its expected benefits, 

and how it will impact different sectors of society. The government could consider engaging in more detailed public consultations, 

providing clear explanations about how the revenue will be used, and addressing concerns about the potential burden on lower-income 

groups. 

The strong presence of neutral sentiment suggests that the public may be open to receiving more information before forming a clear opinion. 

Therefore, communication efforts should aim to educate and clarify the potential advantages of the VAT increase while addressing the 

public’s concerns in a transparent and understandable way. 

 

Limitations of the Study 

Although the model achieved an accuracy of 57.96%, it is important to acknowledge some limitations. The accuracy rate is relatively 

modest, indicating that there is room for improvement in the model’s ability to classify sentiments accurately. The imbalance in sentiment 

distribution (with a high proportion of neutral sentiment) may have impacted the model’s performance. Additionally, factors such as the 

language used in the tweets, variations in phrasing, or the presence of sarcasm or irony may have posed challenges for the SVM algorithm, 

especially in distinguishing between positive and negative sentiments. 

 

Suggestions for Future Research 

Future research could explore alternative machine learning algorithms, such as Random Forest, Naïve Bayes, or Deep Learning models, to 

improve classification accuracy. Additionally, incorporating a larger and more balanced dataset, including tweets from diverse demographic 

groups, could lead to a more comprehensive understanding of public sentiment. Another area for improvement would be enhancing the 

preprocessing stage to handle informal language, slang, and abbreviations more effectively, as these are common in social media texts. 

Furthermore, investigating the specific concerns raised in negative tweets and examining whether they align with broader public discourse 

could provide more actionable insights for policymakers. Analyzing sentiment over time, especially after key announcements or 

clarifications from the government, might also reveal shifts in public opinion, which could guide future policy adjustments. 
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5 Conclusion  

 
Based on the results of the sentiment analysis on public opinion regarding the Value-Added Tax (VAT) increase policy in Indonesia, using 

Twitter data from January to May 2025, the following conclusions can be drawn: 

1. Data Collection 

The data was successfully obtained using Tweet Harvest with relevant keywords, and the tweets were combined into a single 

dataset containing thousands of tweets related to the topic of the VAT increase. The data collection process ensured that the 

dataset was focused on the key topic being studied. 

2. Preprocessing Results 

The data preprocessing stage, which included cleaning, tokenizing, stopword removal, stemming, and sentiment classification 

using an expanded lexicon-based approach, resulted in three sentiment categories: positive, negative, and neutral. The 

preprocessing steps effectively prepared the data for sentiment analysis and helped categorize the opinions expressed in the 

tweets. 

3. Sentiment Distribution 

The final results show that the majority of public sentiment was categorized as neutral, followed by negative sentiment, and a 

smaller proportion of positive sentiment. This indicates that, while many individuals expressed their views, the majority of 

responses were either informational or did not strongly support or oppose the policy. The neutral sentiment may reflect a lack of 

strong opinion or emotional response towards the VAT increase, and possibly a wait-and-see approach from the public. 

4. Model Performance 

The SVM algorithm, optimized using Grid Search, achieved an optimal parameter set with a test accuracy of approximately 

57.96%. Although this accuracy is not considered high, the model was able to identify sentiment patterns quite well for the neutral 

class. However, it struggled with distinguishing between positive and negative sentiments, indicating that further improvement 

is needed in distinguishing these sentiments more accurately. 

5. Implications of Findings 

The findings highlight that public opinion on social media regarding the VAT increase is diverse, and sentiment analysis serves 

as a valuable approach for quickly understanding public perceptions based on data. Despite the challenges in accurately 

classifying positive and negative sentiments, sentiment analysis provides useful insights into public sentiment trends, which can 

inform policy communication and strategy. The results underscore the importance of clear and transparent government 

communication to address public concerns and to improve understanding of policy changes among the population. 
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