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Abstract - The development of social media has positioned platform X (Twitter) as 

a primary source for expressing public opinion toward government figures and 

policies. This study aims to analyze public sentiment toward two Indonesian public 

figures, Sri Mulyani Indrawati and Purbaya Yudhi Sadewa, by utilizing the 

transformer-based IndoBERTweet model. The data were collected from January 1, 

2025, to November 1, 2025. A total of 11,000 tweets related to Sri Mulyani were 

collected; however, only 2,500 tweets were used for data processing and model 

training, with a maximum limit of 1,000 tweets per month. Meanwhile, 650 tweets 

were obtained for Purbaya Yudhi Sadewa. This research employs a supervised 

learning approach with labeled data consisting of positive, negative, and neutral 

sentiment classes. Minimal preprocessing was applied, considering that 

IndoBERTweet is specifically designed to handle the characteristics of social media 

text. The model was trained for five epochs and evaluated using accuracy, precision, 

recall, and F1-score metrics. The results indicate that the IndoBERTweet model can 

classify sentiment effectively, particularly on the Sri Mulyani dataset, which 

contains a larger volume of data and achieves an accuracy of over 82%. In contrast, 

the model’s performance on the Purbaya Yudhi Sadewa dataset shows a lower 

accuracy of 71%, influenced by the limited amount of data. This study confirms that 

the quantity and distribution of data significantly affect the performance of 

transformer-based sentiment analysis models. Based on the sentiment classification 

results, public sentiment toward Sri Mulyani Indrawati tends to be dominated by 

negative and neutral sentiments, while sentiment toward Purbaya Yudhi Sadewa 

shows a distribution dominated by neutral and positive sentiments. 
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INTRODUCTION 

The rapid development of social media has transformed how people express opinions on public 

issues, including views on government policies and state officials [1]. Platform X, formerly known as 

Twitter, is one of the most actively used social media platforms for delivering direct and real-time public 

commentary, making it a valuable data source for researchers seeking to understand the dynamics of 

public opinion. The transition of the Minister of Finance position from Sri Mulyani Indrawati to Purbaya 

Yudhi Sadewa in 2025 generated diverse public responses. Given the distinct backgrounds and leadership 

styles of these two figures, it is reasonable to expect variations in public sentiment expressed on social 

media. 

However, analyzing public opinion on social media cannot rely on traditional text analysis methods 

due to the unique linguistic characteristics of platforms such as X. Social media text is typically informal, 

containing abbreviations, slang, emoticons, hashtags, and distinctive conversational styles. Consequently, 
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natural language processing (NLP) models specifically designed to capture the nuances of Indonesian 

social media language are required. IndoBERTweet is one of the most relevant models for this purpose, 

as it is pre-trained on large-scale Indonesian Twitter data and optimized for informal text [2]. Koto et al. 

introduced IndoBERTweet as a Twitter-specific pre-trained language model for Indonesian and 

demonstrated its superior performance across various NLP tasks, including sentiment analysis [2]. This 

provides a strong foundation for its use in studies examining public opinion on platform X. 

Furthermore, research conducted by Khairani et al. compared the application of IndoBERT and 

IndoBERTweet in emotion analysis of comments on Indonesian news Instagram accounts and found that 

IndoBERTweet outperformed IndoBERT when dealing with informal social media text [3]. These 

findings further support the suitability of IndoBERTweet for sentiment analysis tasks involving non-

standard Indonesian language commonly found on Twitter. The relevance of this study lies in 

demonstrating that preprocessing strategies and model selection play a crucial role in improving the 

accuracy of sentiment analysis for Indonesian social media data. 

Considering that the change in the Minister of Finance position directly influences public 

perceptions of national fiscal policy, and supported by the availability of NLP models capable of 

understanding social media language, a comparative analysis of public sentiment toward Sri Mulyani and 

Purbaya represents an important and timely research topic. This study not only provides insights into 

public perceptions during a leadership transition but also contributes empirical evidence on the 

effectiveness of IndoBERTweet for political sentiment analysis in the Indonesian context. 

 

LITERATURE REVIEW 

Based on previous studies, IndoBERTweet consistently demonstrates superior performance in 

sentiment analysis of Indonesian-language social media data. Most comparative research shows that 

IndoBERTweet outperforms models such as IndoBERT, mBERT, LSTM, SVM, FastText, and 

Word2Vec, particularly in handling informal, dynamic language typical of Twitter/X, including 

abbreviations, emojis, and colloquial expressions [4],[5],[6],[7],[8]. This advantage is largely due to 

IndoBERTweet being pretrained on a large-scale Indonesian Twitter corpus, enabling stronger contextual 

understanding of social media discourse. 

Prior studies also emphasize the importance of text preprocessing in improving sentiment 

classification performance, although its impact may vary depending on dataset characteristics [3]. 

Common preprocessing steps such as removing URLs and mentions, as well as normalizing non-standard 

words, generally contribute to better model performance. In parallel, advances in Transformer-based 

architectures have significantly improved contextual sensitivity and classification accuracy, allowing 

models like IndoBERTweet to consistently outperform traditional machine learning methods and classical 

word embedding approaches. 

IndoBERTweet has been successfully applied across diverse domains, including economics, 

politics, public policy, entertainment, and hate speech detection, with stable and reliable evaluation results 

[9],[10]. Some studies further report performance improvements when IndoBERTweet is combined with 

architectures such as BiLSTM, achieving accuracy and F1-scores above 93% [10]. Overall, existing 

literature provides strong evidence that IndoBERTweet is well suited for sentiment analysis of public 

conversations on platform X, particularly given the linguistic complexity of Indonesian social media 

content. 

Despite the growing body of research on sentiment analysis and Transformer-based models in 

Indonesia, several gaps remain. First, studies that explicitly compare public sentiment toward two 

Ministers of Finance during a leadership transition, Sri Mulyani Indrawati and Purbaya Yudhi Sadewa are 

still scarce, even though such transitions may rapidly influence public perception of fiscal policy. 

Second, while IndoBERTweet has demonstrated strong performance in general Twitter-based tasks, 

focused evaluations within political–economic discourse and leadership transition contexts remain 

limited. Most existing studies concentrate on general topics, hate speech detection, or non-political 

domains. 
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Third, many sentiment analysis studies remain fragmented, emphasizing classification results 

without integrating topic or keyword analysis to explain the underlying drivers of sentiment. Combining 

sentiment classification with keyword extraction techniques can provide deeper insights into dominant 

public narratives. 

Finally, research using post-2021 X (Twitter) data to analyze temporal sentiment dynamics during 

official transitions is still limited. Therefore, empirical studies covering the 2024–2025 period are needed 

to update and strengthen existing evidence. 

Accordingly, this study aims to address these gaps by conducting a comparative sentiment analysis 

of public opinions toward Sri Mulyani Indrawati and Purbaya Yudhi Sadewa on platform X, while 

evaluating the performance of the IndoBERTweet model within a political–economic context. 

 

METHODOLOGY 

This study adopts a quantitative research approach using computational analysis based on Natural 

Language Processing (NLP) to measure and compare public sentiment toward Sri Mulyani Indrawati and 

Purbaya Yudhi Sadewa on platform X (Twitter). A quantitative approach is selected because sentiment 

analysis involves processing large volumes of textual data that are subsequently transformed into 

numerical values or categorical labels (positive, negative, and neutral). This transformation enables 

objective measurement, comparison, and evaluation of model performance. 

This approach aligns with the fundamental characteristics of sentiment analysis research, which 

commonly emphasizes machine learning–based text classification. As noted by Alhaq et al., sentiment 

analysis is inherently a quantitative methodology that relies on NLP and machine learning algorithms to 

model and classify textual data [11]. Therefore, the use of a quantitative computational approach is 

considered appropriate for systematically analyzing public sentiment expressed on social media platforms. 

3.1 Research Stages 

Figure 1. Reasearch Stages 

 
 

The first stage of the research is the planning phase, which includes defining the research focus, 

determining the public figures to be analyzed, and selecting relevant search keywords. At this stage, the 

research objectives are formulated, and the scraping time frame is established to capture the dynamics of 

public opinion toward Sri Mulyani Indrawati and Purbaya Yudhi Sadewa. The technical instruments to be 

used, namely Tweet-Harvest and Python scripts are determined to ensure that the entire data collection 

process is conducted in an automated and consistent manner. 

The second stage is data collection, which involves scraping tweets from platform X using Tweet-
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Harvest with predefined parameters, including keywords, date range, and Indonesian language settings. 

The scraping process is conducted incrementally using monthly time intervals to avoid technical 

constraints such as rate limits. Each scraping result is stored in a separate CSV file and subsequently 

merged using Python scripts to produce a single comprehensive dataset. During this stage, duplicate 

tweets are removed, and the data are sorted chronologically to ensure dataset integrity. 

The third stage is data preprocessing, which focuses on cleaning the textual data. This process 

includes removing URLs, punctuation marks, mentions, hashtags, numbers, emojis, and other irrelevant 

textual elements that may introduce noise and affect model performance. 

The fourth stage is data splitting. The dataset is divided into two subsets: training data and testing 

data. This division is performed using a stratified split method to maintain proportional sentiment class 

distributions in both subsets. 

The fifth stage involves sentiment modeling using the IndoBERTweet model. The process begins 

with case folding using the indolem/indobertweet-base-uncased model, followed by tokenization 

performed by the IndoBERTweet tokenizer. To address class imbalance in sentiment distribution, class 

weighting is applied prior to the training process. The final step of this stage is model training using the 

prepared training dataset. 

After the training process is completed, the sixth stage is model evaluation. Model performance is 
assessed using accuracy, precision, recall, and F1-score as the primary evaluation metrics. These metrics 

are employed to ensure that the model demonstrates adequate predictive reliability before being applied 

to the full dataset. 

The seventh stage is result interpretation. The trained model is applied to the entire collection of 

tweets to generate final sentiment classifications. The resulting sentiment data are further analyzed to 

obtain insights such as sentiment distribution for each public figure, comparative trends in public opinion, 

and sentiment trend visualizations in graphical form. Additionally, supplementary aappears conducted by 

identifying dominant keywords frequently appearing in tweets to gain a deeper contextual understanding 

of public opinion. 

 

RESULTS AND DISCUSSION 

4.1 Overview of Research Data (Raw Data) 

The data used in this study were obtained from platform X (Twitter) through a web scraping process 

using the Tweet-Harvest tool. Data collection was conducted based on keywords representing the two 

public figures analyzed in this research, namely “Sri Mulyani” and “Purbaya”. The data were collected 

over a period ranging from January 1, 2025, to November 1, 2025. This time frame was selected to capture 

the dynamics of public opinion both before and after the transition of the Indonesian Minister of Finance 

position, allowing the dataset to represent public perceptions during the leadership transition period. 

Based on the data collection results, a significant disparity was observed in the number of tweets 

associated with each public figure. Approximately 11,000 tweets were collected for Sri Mulyani 

Indrawati, while around 600 tweets were obtained for Purbaya Yudhi Sadewa. This discrepancy reflects 

the substantially higher level of public attention toward Sri Mulyani, which may be influenced by factors 

such as popularity, length of tenure, and media exposure associated with each figure. 

Given the large volume of tweets related to Sri Mulyani, this study applied a data limitation strategy 

by selecting a maximum of 1,000 tweets per month. This limitation was implemented to maintain a 

balanced temporal distribution of data and to prevent overrepresentation from specific months that could 

introduce bias into the sentiment analysis. Through this approach, the Sri Mulyani dataset remains 

representative of temporal opinion dynamics while ensuring computational efficiency. 
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Figure 2. Reasearch Stages 

 
 

All data obtained during the initial collection stage consisted of raw data containing various non-

textual elements and noise, such as URLs, mentions, hashtags, emoticons, special characters, and potential 

duplicate tweets. These characteristics reflect the concise, informal, and symbol-rich communication style 

commonly found on platform X. Consequently, the raw data could not be directly utilized for modeling 

purposes and required preprocessing to improve data quality prior to further analysis. 

 

4.2 Preprocessing Text 

The data preprocessing stage in this study aims to clean tweet texts by removing various non-

informative elements that may interfere with the sentiment analysis process. Preprocessing was conducted 

using Python scripts based on the pandas library, regular expressions, emoji handling libraries, and HTML 

parsers, specifically designed to address the linguistic and structural characteristics of social media data 

from platform X (Twitter). 

The preprocessing process begins with handling missing values in the tweet text column (full_text). 

Tweets that do not contain textual content are removed from the dataset to prevent potential disruption in 

subsequent processing stages. Following this step, text cleaning is applied to each tweet using a clean_text 
function, which consists of several key procedures. 

The text cleaning steps include decoding HTML entities, such as converting &amp; into &, to ensure 

that the text is displayed and interpreted correctly as originally intended. Next, URLs whether starting 

with http, https, or www are removed, as they do not carry sentiment-related information. User mentions 

(e.g., @username) are also eliminated because they do not contribute meaningful semantic content in the 

context of sentiment analysis. Hashtag symbols (#) are removed while retaining the associated keywords, 

thereby preserving topical information. Retweet markers (RT) are excluded to minimize the influence of 

duplicated content. 

Furthermore, all emojis are removed from the text. This decision is based on the focus of the study 

on text-based sentiment analysis and the capability of the IndoBERTweet model to perform effectively 

without explicit emoji representations. Additional cleaning is performed to remove excessive whitespace 

and special Unicode characters, such as zero-width spaces and non-breaking spaces, which frequently 

appear as artifacts of the scraping process. This step is crucial to prevent tokenization errors and to ensure 

consistency in text formatting. 

Finally, redundant spaces are normalized, and trimming is applied to remove leading and trailing 

whitespace, resulting in a clean and standardized textual dataset ready for downstream modeling and 

sentiment classification. 

 

Figure 3. Text Preprocessing Results 

 
 

4.3 Manual Data Labeling 
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The data labeling stage is a crucial part of this study, as it provides sentiment labels that serve as 

ground truth for training and evaluating the IndoBERTweet model. Manual labeling is employed to ensure 

label accuracy, given the contextual, ambiguous, and implicit nature of social media language, which is 

often difficult to capture through automated labeling methods. 

Sentiment annotation is performed on preprocessed tweet texts that have been cleaned of non-

informative elements such as URLs, mentions, emojis, and special characters. Each tweet is classified into 

one of three sentiment categories: positive, neutral, or negative based on the overall opinion expressed 

toward the public figure being discussed. 

To support a consistent and efficient labeling process, a custom Python-based Graphical User 

Interface (GUI) application is developed using the Tkinter library. The application displays tweets 

individually, allowing the annotator to assess each tweet’s context before assigning a sentiment label. It 

provides three sentiment selection buttons (positive, neutral, and negative), navigation controls, and a 

progress bar to monitor labeling progress in real time. Labeled data can be saved periodically in CSV 

format to prevent data loss. 

Figure 4. Tweet Sentiment Labelling GUI 

 
 

Label assignment is based on the overall semantic meaning of each tweet rather than isolated 

keywords. Tweets expressing support or favorable evaluations are labeled as positive, those containing 

criticism or dissatisfaction are labeled as negative, and tweets that are informational or lack clear opinion 

polarity are labeled as neutral. The resulting labeled dataset is subsequently used for training and testing 

the IndoBERTweet model in the next stage of the study. 

 

Figure 5. Purbaya Labeling Results 

 
 

4.4 Dividing Training Data and Test Data 

After all tweet data had undergone preprocessing and manual sentiment labeling, the next step was 

to split the dataset into training and testing sets. This data partitioning aims to evaluate the generalization 

capability of the IndoBERTweet model in classifying sentiment on previously unseen data. 

Prior to data splitting, only tweets with valid sentiment labels (positive, neutral, and negative) were 

included in the analysis. Tweets with missing or undefined labels were excluded to ensure the quality of 

both training and testing datasets. The labeled dataset was then examined through Exploratory Data 
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Analysis (EDA) to understand sentiment class distributions and text length characteristics across classes. 

 

Figure 6. Sri Mulyani Sentiment Distribution Results 

 
 

Figure 7. Sri Mulyani Sentiment Distribution Chart Results 

 
 

Figure 8. Purbaya Sentiment Distribution Results 

 
 

Figure 9. Purbaya Sentiment Distribution Chart Results 

 
 

 

The sentiment distribution analysis revealed class imbalance, particularly in the dataset related to 

Minister of Finance Purbaya, indicating unequal representation among sentiment classes. To address this 

issue, a stratified split method was applied, ensuring that the proportion of each sentiment class was 
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preserved in both the training and testing sets. This approach helps prevent class dominance in either 

subset, which could otherwise bias model performance and evaluation [9]. 

In this study, the dataset was divided using an 80:20 ratio for training and testing data, respectively. 

The splitting process was performed using the train_test_split function from the scikit-learn library with 

the stratify parameter enabled, while a fixed random_state was applied to ensure reproducibility.  

 

Figure 10. Purbaya Data Split Results 

 
 

Figure 11. Sri Mulyani Data Split Results 

 
 

The resulting training data were used to train the IndoBERTweet model, whereas the testing data 

were utilized to evaluate model performance using accuracy, precision, recall, and F1-score metrics. Both 

subsets were stored as separate CSV files to ensure consistency in subsequent modeling and evaluation 

stages. 

 

4.5 IndoBERTweet Model Training 

  

a. Initializing the Model and Tokenizer 

The model employed in this study is indolem/indobertweet-base-uncased. Both the tokenizer and 

the model are loaded using the Hugging Face Transformers library. The tokenizer converts raw text into 

numerical representations in the form of token IDs that can be processed by the model, while the model 

performs sentiment classification into three classes: negative, neutral, and positive. 
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Figure 12. Library in training.py 

 
 

Each sentiment label is mapped to a numerical value, with negative labeled as 0, neutral as 1, and 

positive as 2. This encoding is required for training the deep learning–based model. The training process 

is executed on the available hardware, utilizing either a GPU or CPU to optimize computational efficiency. 

b. Tokenization 

The training and testing data obtained from the previous stage are converted into a PyTorch 

Dataset format using the SentimentDataset class. At this stage, each tweet text is processed with the 

IndoBERTweet tokenizer using a maximum sequence length of 128 tokens. Texts exceeding this limit are 

truncated, while shorter sequences are padded to ensure uniform input length. 

In addition, the tokenizer generates attention masks that enable the model to distinguish between 

actual tokens and padding tokens. This tokenization and dataset construction process ensures that all data 

are properly formatted and ready for use in the model training and evaluation stages. 

 

Figure 13. Tokenization 

 
 

c. Handling Class Imbalance 

Based on the sentiment distribution analysis of the training data, class imbalance was observed 

among sentiment categories, particularly in the dataset related to Purbaya. To address this issue, a class 

weighting approach was applied, with class weights computed using the balanced class weight method 

from the scikit-learn library. 
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Figure 14. Class Weighting 

 
 

These class weights were incorporated into the CrossEntropyLoss function, enabling the model to 

assign greater importance to underrepresented sentiment classes. This strategy aims to improve the 

model’s ability to learn from all sentiment categories more evenly and to reduce bias toward the majority 

class. 

Figure 15. CrossEntropyLoss 

 
 

d. Model Training Configuration 

Model training is conducted using the Trainer class from the Transformers library with the following 

configurations: (a) five training epochs, (b) a batch size of 16 for both training and testing data, (c) a 

learning rate of 2 × 10⁻⁵, (d) the AdamW optimizer with a weight decay of 0.01, and (e) 100 warm-up 

steps. 

Model evaluation is performed at the end of each epoch using the testing dataset (evaluation 

strategy: epoch). The best-performing model is selected based on the highest F1-score, as this metric is 

considered most appropriate for classification tasks involving class imbalance. In addition, an early 

stopping mechanism with a patience of three epochs is applied to prevent overfitting. 
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Figure 16. Model Training Configuration 

 
 

e. Model Training Process 

Model training is performed by iteratively feeding the training data into the IndoBERTweet model 

across the predefined number of epochs. During this process, the model continuously updates its internal 

parameters to minimize the loss function and improve sentiment classification performance. 

After training is completed, the best-performing model is automatically reloaded and saved for 

evaluation. The trained model and its corresponding tokenizer are then stored in a designated directory 

for subsequent testing and potential deployment. 

 

Figure 17. Results of the Purbaya’s Model Training 

 
 

Figure 18. Results of the Sri Mulyani’s Model Training 
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In the case of Sri Mulyani, the training process required approximately ±2 hours to complete five 

epochs. The training results show a consistent decrease in loss values, from approximately 1.1 at the 

beginning of training to 0.1 at the final epoch, indicating that the model successfully learned patterns from 

the training data. In addition, accuracy and F1-score remained stable above 81%, suggesting that the 

model achieved satisfactory convergence without significant overfitting. 

In contrast, for Purbaya Yudhi Sadewa, the smaller dataset resulted in a shorter training time of 

approximately ±30 minutes for five epochs. The training results exhibit a similar trend, with the loss 

decreasing from approximately 1.08 to 0.45 and accuracy improving from 53% to around 71%. The F1-

score also increased to approximately 72%, indicating that the model was still able to learn sentiment 

patterns effectively despite the relatively limited amount of data. 

 

4.6 Model Evaluation and Result Analysis 

The model evaluation stage is conducted to assess the performance of the IndoBERTweet model in 

classifying tweet sentiments into three classes: negative, neutral, and positive. Evaluation is performed 

using the testing dataset separated in the previous stage. The evaluation methods include a confusion 

matrix and standard performance metrics, namely accuracy, precision, recall, and F1-score. Model 

evaluation is carried out separately for the two research subjects, namely public sentiment toward Sri 
Mulyani Indrawati and Purbaya Yudhi Sadewa. 

 

a. Model Evaluation on Sri Mulyani Indrawati 

Based on the evaluation results on the Sri Mulyani Indrawati sentiment testing dataset, the 

IndoBERTweet model achieved an accuracy of 82.45%, with an F1-score of 0.8269, precision of 0.8328, 

and recall of 0.8245. These results indicate that the model demonstrates strong overall performance in 

sentiment classification. 

 

Table 1. Overall Metrics Sri Mulyani 

Category Overall Metrics 

Accuracy 0.8245 

F1-Score 

Precision 

Recall 

0.8269 

0.8328 

0.8245 

 

According to the classification report, the neutral sentiment class achieved the best performance, 

with a precision of 0.97 and a recall of 0.85, indicating that most neutral tweets were correctly identified. 

The negative and positive sentiment classes also exhibited balanced performance, with F1-scores of 0.81 

and 0.77, respectively (Figure 4.31). 

 

Figure 19. Classification Report Sri Mulyani 

 
 

Further analysis using the confusion matrix shows that the majority of tweets in each sentiment class 

were correctly classified, as reflected by high values along the main diagonal. However, misclassifications 

were still observed primarily between the negative and positive classes. This suggests that the model 

occasionally struggles to distinguish between critical yet constructive opinions and seemingly 

appreciative statements that convey opposite meanings, such as sarcasm, particularly in tweets discussing 
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complex economic policies. 

 

Figure 20. Confusion Matrix Sri Mulyani 

 
 

Overall, these evaluation results demonstrate that the IndoBERTweet model is effective in capturing 

public sentiment patterns toward Sri Mulyani Indrawati, supported by a relatively large training dataset 

and a more balanced sentiment class distribution. 

b. Model Evaluation on Purbaya 

The evaluation results on the Purbaya Yudhi Sadewa sentiment dataset indicate lower performance 

compared to the results obtained for Sri Mulyani Indrawati. The IndoBERTweet model achieved an 

accuracy of 71.97%, with an F1-score of 0.7219, precision of 0.7271, and recall of 0.7197. 

 

Table 2. Overall Metrics Purbaya 

Category Overall Metrics 

Accuracy 0.7197 

F1-Score 

Precision 

Recall 

0.7219 

0.7271 

0.7197 

 

According to the classification report, the neutral sentiment class again demonstrated the strongest 

performance, achieving an F1-score of 0.80. This suggests that the model remains relatively stable in 

identifying tweets that are primarily informational or descriptive. In contrast, the negative sentiment class 

exhibited the weakest performance, with a precision of 0.43 and a recall of 0.60, indicating that a 

substantial portion of negative tweets were misclassified as neutral or positive. 

 

Figure 21. Classification Report Purbaya 

 
 

The confusion matrix for the Purbaya Yudhi Sadewa dataset reveals frequent misclassifications 

between the negative and positive sentiment classes. This outcome is largely influenced by the relatively 

small size of the testing dataset, particularly for the negative class, which contains only a limited number 

of samples. The imbalance in class distribution reduces the model’s ability to learn and represent negative 
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sentiment characteristics effectively. 

Figure 22. Confusion Matrix Purbaya 

 
 

c. Word Cloud Analysis and Sentiment Context Interpretation 

Word cloud visualization is employed in this study as an exploratory method to identify dominant 

keywords and topics frequently appearing in public discussions related to Sri Mulyani Indrawati and 

Purbaya Yudhi Sadewa on platform X. The word clouds are generated based on word frequency from 

tweet data that have undergone preprocessing. Words that appear more frequently in the dataset are 

represented with larger sizes in the visualization. 

It is important to emphasize that word clouds are not used to determine sentiment directly. Instead, 

they serve as a complementary exploratory tool to provide contextual insights into the main issues and 

themes discussed by the public. Accordingly, the word cloud results are utilized to support the 

interpretation of sentiment classification outcomes produced by the IndoBERTweet model. 

 

Word Cloud Sri Mulyani 

Figure 23. Word Cloud Sri Mulyani 

 
 

In the case of Sri Mulyani Indrawati, the word cloud results show clear differences across sentiment 

categories. For positive sentiment, dominant words such as “Sri Mulyani,” “Menkeu,” “aman,” “honorer,” 

“KIP,” and “pendidikan” reflect public perceptions that tend to support fiscal stability policies, education 

assistance programs, and trust in the performance of the Minister of Finance. This pattern is illustrated, 

for example, in a tweet posted by the account @khasansod on February 17, 2025. 

 

Figure 24. Example of Positive Sentiment Sri Mulyani 

 
 

In the neutral sentiment category, the word cloud is dominated by informative terms such as 

“menteri keuangan,” “keuangan Sri,” “Indonesia,” and “pemerintah.” This indicates that a large portion 

of the conversation consists of news reporting or informational content without strong emotional polarity, 
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as seen in a tweet uploaded by the account @AgilZal on May 29, 2025. 

Figure 25. Example of Neutral Sentiment Sri Mulyani 

 
 

Meanwhile, in the negative sentiment category, words such as “pajak,” “utang,” “rakyat,” “naik,” 

and “ekonomi” appear most frequently. These terms reflect public criticism of fiscal policies, particularly 

those perceived to have direct economic impacts on society, as exemplified by a tweet posted on March 

23, 2025 by the account @babylyel. 

 

Figure 26. Example of Negative Sentiment Sri Mulyani 

 
 

Word Cloud Purbaya 

Figure 27. Word Cloud Purbaya 

 
 

 

In contrast to Sri Mulyani Indrawati, the word cloud results for Purbaya Yudhi Sadewa exhibit a 

more limited and less diverse pattern. In the positive sentiment category, words such as “Purbaya,” 

“support,” “good,” and “excise” appear, although with relatively lower frequency. A tweet posted by the 
account @micinsedapgurih on September 27, 2025 reflects positive sentiment toward Purbaya. 

 

Figure 28. Example of Positive Sentiment Purbaya 

 
 

For neutral sentiment, the Purbaya word cloud is dominated by identity- and position-related terms 

such as “Purbaya Yudhi Sadewa,” “Board of Commissioners,” and “LPS.” The prominence of these terms 

indicates that most conversations are informational and descriptive in nature, as illustrated by a post from 

the account @Media_Asuransi on April 10, 2025. 
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Figure 29. Example of Positive Sentiment Purbaya 

 
 

In the negative sentiment category, words such as “cigarettes,” “excise,” “omon,” “style,” and 

“economic growth” are dominant. These keywords reflect policy-specific criticism, particularly 

concerning issues related to economic growth and cigarette excise policies, as seen in a tweet posted by 

@PreciosaKanti on September 26, 2025. 

 

Figure 30. Negative of Positive Sentiment Purbaya 

 
 

Overall, the differences between the results for Sri Mulyani Indrawati and Purbaya Yudhi Sadewa 

indicate that data volume, vocabulary diversity, and the level of public exposure to each figure 

significantly influence sentiment analysis performance. The word cloud analysis strengthens the 

quantitative evaluation by providing a visual representation of dominant issues and narratives for each 

public figure. Consequently, the combination of metric-based evaluation and word cloud analysis offers 

a more comprehensive understanding of public sentiment dynamics as well as the limitations of the model 

when applied to imbalanced datasets. 

 

CONCLUSION 

Based on the results of this study, it can be concluded that the application of the IndoBERTweet 

model for sentiment analysis of public opinion on the X (Twitter) platform is able to produce reasonably 

good classification performance, particularly for public figures with sufficient data volume. This study 

examined two subjects, Sri Mulyani Indrawati and Purbaya Yudhi Sadewa, who differ significantly in 

terms of data characteristics and volume. 

In the case of Sri Mulyani Indrawati, approximately 11,000 tweets were collected within the period 

from January 1, 2025 to November 1, 2025, with a maximum limit of 1,000 tweets per month. However, 

due to hardware limitations, the processed dataset was restricted to 2,800 tweets randomly selected using 

a Python script. These data were then used for the labeling, training, and testing stages of the model. With 

a relatively large and diverse dataset, the IndoBERTweet model demonstrated stable performance, 

achieving an accuracy of 82.45% and an F1-score of 82.69%. These results indicate that the model was 

able to capture positive, neutral, and negative sentiment contexts in a balanced manner, particularly within 

the neutral class, which was dominated by informational content. 

In contrast, the dataset for Purbaya Yudhi Sadewa was much more limited, consisting of only 

approximately 650 tweets. This limitation directly affected model performance, which resulted in an 
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accuracy of 71.97% and an F1-score of 72.19%. Although these results can still be considered acceptable, 

the imbalance in data distribution across sentiment classes caused the model to be less optimal in 

consistently identifying sentiment patterns. This condition is further supported by the confusion matrix 

and classification report, which show lower precision and recall values for the negative sentiment class. 

Beyond quantitative evaluation, word cloud analysis provided qualitative insights into the focus of 

public discourse. For Sri Mulyani Indrawati, public sentiment was largely associated with issues such as 

fiscal policy, taxation, education, and economic stability. Meanwhile, discussions related to Purbaya 

Yudhi Sadewa tended to focus on occupational identity and specific issues, particularly cigarette excise 

policy and economic growth. These findings suggest that public exposure and issue diversity significantly 

influence both sentiment distribution and sentiment analysis model performance. 

Overall, this study concludes that IndoBERTweet is effective for Indonesian-language sentiment 

analysis; however, its performance is strongly influenced by data volume, class balance, and contextual 

diversity within the dataset. This research is not intended to be directly submitted to the government as a 

Final Project. Instead, the Final Project serves as a scientific foundation and proof of concept. 

Dissemination to governmental stakeholders may be pursued through academic publications, the 

development of public opinion monitoring systems, or further research conducted through institutional 

collaboration. 
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