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Abstract 

The high number of data misuses, thefts, and leaks led to the enactment of the PDP Law, which regulates the rights 

and obligations of data owners and electronic system providers. The purpose of this study is to examine the public’s 

response to the implementation of the law through the X platform, using tweet harvest as a scraping tool, and to 

evaluate model performance through a comparative approach between SVM and BERT. The feature extraction used 

in this study is TF-IDF for SVM and BERT with IndoBERT. The accuracy results indicate that BERT is better with 

an accuracy of 86% compared to SVM with a training and test data ratio of 85:15. This advantage is because BERT 

can understand linguistic context that SVM cannot. On the other hand, SVM has advantages in computational 

efficiency and faster processing, making it a suitable choice in situations with limited computational resources.  

The sentiment analysis result revealed that data protection, digital footprint and the institution's role were the most 

frequently discussed topics. Furthermore, periodic or real-time evaluations can be conducted on the public's response 

to the PDP Law to ensure it remains aligned and relevant to technological developments and societal needs. 
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1. INTRODUCTION 

The large number of people in Indonesia who rely on gadgets for communication, work, learning, 

and entertainment has resulted in a vast amount of information being stored online through various 

application uses[1]. The exposure of data from two million customers of state-owned banks in 2021, the 

misuse of data on one of Indonesia's largest e-commerce platforms in 2020, and privacy-related incidents 

in Indonesia illustrate the importance the enactment of data protection laws as a form of government 

presence in protecting the data privacy of the public[2]. In 2022, the Indonesian House of 

Representatives (DPRD) passed the Personal Data Protection Law (Law No. 27 on Personal Data 

Protection), which will come into effect on October 17, 2024. This law sets comprehensive standards 

for personal data management, requiring all organizations acting as data controllers to adhere to the 

principles of transparency, accountability, and integrity[3].  When the PDP Law was announced, the 

public's response was varied, particularly on the X platform (formerly Twitter), including doubts about 

the readiness of stakeholders to comply with the law and concerns about the government's readiness to 

implement it, especially since no personal data protection agency had been established[4]. 

In Indonesia, various social media platforms are used to exchange opinions, including YouTube, 

specifically in the comment section, to respond to the availability of the COVID-19 vaccine[5]. Other 

media, such as Twitter, now known as Platform X, is one of the social media platforms that allows the 
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public to express their aspirations regarding public policies that promote healthy democracy [6]. 

Sentiment analysis can be used as one method to monitor and evaluate government policies in the 

future[7]. Sentiment analysis plays a role in gauging public sentiment and assessing public acceptance 

of implemented policies[8],  For example, by looking at negative sentiment, the government can 

maximize or focus on improving its policies to align with the issues faced by society [9] . Sentiment 

analysis can also be used to track changes in public opinion over time because public sentiment is 

dynamic and can shift based on social context or specific times[10]. Sentiment analysis can also be used 

to group user comments based on topic similarity, representing user persona groups[11]. One 

categorization that can be used is Aspect-based sentiment analysis, which can help the government 

understand the aspirations expressed by the public specifically based on topic[12]. Sentiment analysis 

can also be used automatically in the form of websites that can assess sentiment based on user input 

[13]. Sentiment analysis can also be done across platforms, for example, by looking at sentiment on 

YouTube and Facebook to gain a broader view of public response [14]. 

The selection of an appropriate classification model and word embedding needs to be considered 

to provide balanced performance in sentiment analysis [15], Therefore, some studies compare various 

models that are deemed effective to determine which one achieves the highest accuracy in sentiment 

analysis [16]. The division of data, for example, into how much training data and test data, also affects 

the performance of sentiment classification [17]. Additionally, back translation and adjusting stratified 

K-fold cross also play a role in influencing model accuracy [18]. Additionally, combining the two 

models is also possible to obtain optimal results [19]. 

Sentiment analysis related to the PDP Law was previously conducted using the Multinomial 

Naïve Bayes Algorithm, comparing the accuracy results of manual labeling (72%) and automatic 

labeling (74%). From that study, it was found that the accuracy of automatic labeling results was 2% 

higher than manual labeling [13]. Based on the literature study conducted, the researcher compared it 

with previous studies that discussed sentiment analysis on the topic of policy in Indonesia in Based on 

the comparison conducted in Kesalahan! Bukan swa-referensi bookmark yang valid., it was found 

through gap analysis that SVM has the highest accuracy and is used most frequently compared to other 

algorithms. Additionally, it was found that combining SVM with TF-IDF as a feature extraction method 

proved superior to Bag of Words [22]. While the use of IndoBERT is still rare, its accuracy is higher 

compared to LR, Support Vector Classifier, Random Forest, LGBM Classifier, XGBoost, AdaBoost, 

and Decision Tree with the same data [34]. Additionally, mBERT can be used in various languages [35], 

while IndoBERT can understand the linguistic context more accurately because it is a pre-trained model 

specifically for the Indonesian language [36], Additionally, in further research, there is IndoGovBERT, 

which is specifically trained for classification based on Indonesian government documents, particularly 

in SDG’s[37] . Therefore, in this study, the SVM classification algorithm with TF-IDF and IndoBERT 

with BERT Embedding was used to analyze sentiment toward the PDP Law. The comparative approach 

between SVM and IndoBERT on the Indonesian language dataset provides new empirical evidence 

regarding the effectiveness of the classification models. Additionally, pre- and post-implementation 

analyses were conducted to address the temporal gap from the enactment of the PDP Law. 

This research was conducted to examine public opinion on the PDP Law and answer the following 

research questions : 

RQ1 : What is the public’s response and opinion on the implementation of the PDP Law in Indonesia ? 

RQ2 : How do BERT and SVM perform comparatively in sentiment analysis of the PDP Law in 

Indonesia? 
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Table 1. 

Based on the comparison conducted in Kesalahan! Bukan swa-referensi bookmark yang 

valid., it was found through gap analysis that SVM has the highest accuracy and is used most frequently 

compared to other algorithms. Additionally, it was found that combining SVM with TF-IDF as a feature 

extraction method proved superior to Bag of Words [22]. While the use of IndoBERT is still rare, its 

accuracy is higher compared to LR, Support Vector Classifier, Random Forest, LGBM Classifier, 

XGBoost, AdaBoost, and Decision Tree with the same data [34]. Additionally, mBERT can be used in 

various languages [35], while IndoBERT can understand the linguistic context more accurately because 

it is a pre-trained model specifically for the Indonesian language [36], Additionally, in further research, 

there is IndoGovBERT, which is specifically trained for classification based on Indonesian government 

documents, particularly in SDG’s[37] . Therefore, in this study, the SVM classification algorithm with 

TF-IDF and IndoBERT with BERT Embedding was used to analyze sentiment toward the PDP Law. 

The comparative approach between SVM and IndoBERT on the Indonesian language dataset provides 

new empirical evidence regarding the effectiveness of the classification models. Additionally, pre- and 

post-implementation analyses were conducted to address the temporal gap from the enactment of the 

PDP Law. 

This research was conducted to examine public opinion on the PDP Law and answer the following 

research questions : 

RQ1 : What is the public’s response and opinion on the implementation of the PDP Law in Indonesia ? 

RQ2 : How do BERT and SVM perform comparatively in sentiment analysis of the PDP Law in 

Indonesia? 

 

 

 

Table 1. Comparison of Classification Method Usage in Policy Sentiment Analysis in Indonesia 

Classification 

Methods 

Highest 

Accuracy 
Reference Journal Description 

SVM 98.75% [20][21][8][18][12] 

[22][23][24][25][26] 

[27] 

It has the highest accuracy and is the most 

frequently used [20] 

LSTM 97.49% [11][15][28] On the same data, LSTM is better than Naïve 

Bayes [11] 

CNN 96% [10][29] In the same dataset, the accuracy of CNN is 

lower than that of SVM [18] 

Naïve Bayes 89.2% [13][30][31][32] In the same dataset, the accuracy value of NB is 

lower than that of SVM [8] [12] [21][27] 

Decision 

Tree 

81% [17] In the same dataset, the accuracy of Decision 

Tree is lower than that of SVM [8][12] 

Random 

Forest 

79% [9][33] Using SMOTE can improve the accuracy of 

Random Forest [33]. Meanwhile, for the same 

data, the accuracy value of random forest is 

higher than Naïve Bayes and Decision Tree [9]. 

IndoBERT 78.99% [34] On the same dataset, IndoBERT demonstrates 

superior  accuracy than LGBM Classifier, 

Support Vector Classifier, LR, XGBoost, 

AdaBoost, Random Forest and Decision Tree 

[34]  
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XGBoost 75.9% [6] With the same data, XGBoost has higher 

accuracy compared to Naïve Bayes and 

Random Forest [6] 

2. LITERATURE REVIEW  

2.1. Sentiment Analysis 

Sentiment analysis uses NLP and text analysis techniques to systematically identify, extract 

information, measure, and study the meaning or opinions from text. [38] Machine learning (ML) and 

deep learning (DL) approaches are widely used in sentiment analysis. DL uses more complex neural 

networks than ML for feature extraction, while ML is trained on labeled  datasets to recognize textual 

patterns representing sentiment. [39]. By identifying complex patterns and relationships in technical 

datasets, techniques such as SVM, Naive Bayes, CNN, and LSTM are well-suited for performing 

analysis to support data-driven decisions, for example, in marketing, customer service, and politics. [40].   

2.2. Pre-Processing Stages 

The preprocessing stage includes various techniques such as removing unnecessary parts, for 

example, through noise reduction, normalization, quality assessment using criteria, and quality 

protection to verify whether the data is suitable for effective analysis. This step can improve the 

performance and accuracy of multimodal biometric systems, for example, in terms of feature extraction 

optimization [41]. 

2.3. Support Vector Machine (SVM) 

SVM is widely used in classification tasks, particularly in sentiment analysis, because it can 

effectively accommodate high-dimensional spaces, making it suitable for classifying positive, negative, 

and neutral sentiments in textual data, especially when the data can be linearly separated and can also 

be adapted for non-linear data using kernel functions, particularly when the dataset is structured [42]. 

SVM uses both bag-of-words and TF-IDF for feature extraction to find the data points closest to the 

hyperplane, called support vectors, which are the model's decision boundaries [43]. In SVM, the 

preprocessing stage influences the model's performance in classification and helps reduce complexity 

[44].  

2.4. BERT dan mBERT 

BERT is effectively used for sentiment analysis because it can understand the context of words. 

Model optimization can be achieved through data cleaning, encoding, and formatting text to match 

BERT's input, which can then be used with ReLU and SoftMax to generate class probabilities and 

dropout to prevent overfitting [45]. MBERT (multilingual BERT) is a BERT-based pre-training model 

developed for various languages using masked language modeling and next sentence prediction, 

allowing it to understand cross-lingual context and making it suitable for use with limited datasets [46]. 

MBERT can be used for sentiment analysis on code-mixed text, which is text that combines two or more 

languages in a single sentence, commonly used on social media. This is achieved through a wordpiece 

tokenizer and contextual embeddings that understand the meaning of words based on their surrounding 

context [47].    

In the 2024 study by Nabillah et al., "Indonesian Multilabel Classification using IndoBERT 

Embedding and mBERT Classification," explained that mBERT (Multilingual BERT) is a multilingual 

version of BERT, including Indonesian. Unlike single-language BERT models, mBERT is generalized 

across various languages, making it suitable for cross-lingual use. Additionally, mBERT is considered 

good for applications requiring contextual understanding in diverse linguistic contexts [35].  

https://jutif.if.unsoed.ac.id/
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3. METHOD 

Figure 1 shows the research methodology flowchart, which begins with data collection from the 

X platform using tweet harvesting, followed by data preprocessing, data labeling with InsetLexicon, 

feature extraction with TF-IDF for SVM and IndoBERT for BERT, sentiment classification, model 

evaluation based on the classification results, and finally, a discussion of the sentiment analysis and 

model evaluation findings. 

 

 

Figure 1. Research Methodology Flow 

3.1. Data Collection 

Data collection was the first step in the research, followed by preprocessing to ensure its relevance 

and quality [48]. The data used is uploaded by users on the X platform, a micro-blogging site that allows 

users to send short messages, often called tweets, which can be used for various research purposes [49].  

During the data collection stage, the tweet harvest method was employed, which uses Playwright as an 

automation framework for the scraping process. The scraping process is carried out with the provision 

that only public data available on the X platform is collected, excluding personal data such as email 

addresses, phone numbers, or specific user identities. Instead, only publicly available upload text is 

utilized. From the scraping results, 3,345 tweet data points were obtained, and after removing duplicates, 

2,852 tweets remained. The keywords used can be seen in Table 2. Data was used from the time before 

and after the PDP Law came into effect. Based on this approach, we set the data collection period as 

follows: September 22, 2022–November 1, 2022 and July 1, 2024–November 4, 2024. This was done 

to see public sentiment when the PDP Law was passed, as well as during the period leading up to and 

after its enactment. This was considered because the PDP Law was passed on September 20, 2022, so 

data was collected from September to November 2022 to see public opinion after the law was passed. 

Additionally, the PDP Law will be implemented starting October 17, 2024, so data was collected from 

4 months before its enactment until the end of this research. 

 

Table 2. Details of the Tweet Data retrieved 

No Keywords Total 

1 UU PDP 1.544 

2 UNDANG-UNDANG PDP 102 

3 UU PERLINDUNGAN DATA PRIBADI 1.699 
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Total 3.345 

 

3.2. Data Labelling 

NLTK is a widely used Python library for natural language processing (NLP), including automatic 

labelling of user uploads in the Twitter application [49]. However, NLTK was originally developed for 

English, making it less optimal for other languages. Therefore, in this study, we used the InSet Lexicon, 

which is a lexicon-based approach that classifies text based on predefined sentiment words specifically 

designed for the Indonesian language [50]. In this study, a threshold of -5 to 5 was used [50], with the 

provision that a score less than 0 is negative, equal to 0 is neutral, and greater than 0 is positive. The 

labelling process yielded 1,218 positive tweets, 950 negative tweets, and 684 neutral tweets. 

3.3. Data Pre-Processing 

Preprocessing processes data to improve the quality and effectiveness of model training, making 

the model more accurate and efficient. Good preprocessing can reduce existing inconsistencies and noise 

[51]. In this study, six preprocessing stages were performed: noise removal to eliminate irrelevant 

elements, case folding to convert text data to lowercase, normalization to change informal/slang words, 

tokenization to divide sentences into tokens, stopword removal to eliminate common words with no 

significant meaning, and stemming to extract the root words from the text [35]. 

3.4. Feature Extraction 

To transform features into a new feature group that represents information from data with more 

concise dimensions, feature extraction is used [52]. For SVM, researchers used the TF-IDF term 

weighting method, while for BERT, IndoBERT was used.  

3.4.1. IndoBERT 

The IndoBERT tokenizer converts text into tokens, producing input features and an attention 

mask as output. This data is then processed by a pre-trained model. IndoBERT can understand context 

and classify it into predefined categories specifically designed for the Indonesian language [53]. Feature 

extraction for IndoBERT was performed using the IndoBERT tokenizer, which converts text into tokens 

and generates input features and attention masks. After tokenization, this data was processed into the 

IndoBERT model, which had been trained for sentiment classification. This model utilizes the 

representation of the special [CLS] token as the main feature for identifying the overall context of the 

text. The final result of the prediction is negative, neutral, or positive sentiment [35]. 

3.4.2. TF-IDF 

TF-IDF combines word frequency, to see how often a word appears in a document, with document 

frequency, which reduces the significance of common words found in multiple documents. This 

approach prioritizes terms relevant to the document's context. This research extends TF-IDF by 

exploring rarely occurring words and demonstrating through SVM-based feature selection experiments 

a substantial contribution to distinguishing documents describing specific content from documents with 

general content [54]. TF-IDF calculates the probability of a word appearing in a text as TF, and IDF 

represents the weight of that word across all documents, as shown in equations 1, 2, and 3 [13].   

𝑇𝐹 − 𝐼𝐷𝐹 = 𝑇𝐹𝑡𝑑 ∗  𝐼𝐷𝐹𝑡   (1) 

𝑇𝐹 (𝑡𝑒𝑟𝑚) =  
𝑇𝑒𝑟𝑚𝑠′ 𝑓𝑟𝑒𝑞𝑢𝑒𝑛𝑐𝑦

𝑊𝑜𝑟𝑑 𝑐𝑜𝑢𝑛𝑡 𝑖𝑛 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡
   (2) 

https://jutif.if.unsoed.ac.id/
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𝐼𝐷𝐹 (𝑡𝑒𝑟𝑚) = log(
𝑇𝑜𝑡𝑎𝑙 𝐷𝑎𝑡𝑎 𝐷𝑜𝑐𝑢𝑚𝑒𝑛𝑡

𝑇𝑒𝑟𝑚𝑠 𝑖𝑛 𝑤ℎ𝑜𝑙𝑒 𝑑𝑜𝑐𝑢𝑚𝑒𝑛𝑡
)   (3) 

3.5. Sentiment Classification 

The sentiment classification used is a ternary classification that categorizes sentiment into 

positive, negative, and neutral to gain an understanding of the opinions present in the text. Our reasoning 

is because the neutral category is not completely biased compared to binary classification [55]. In terms 

of improving accuracy and efficiency, machine learning, deep learning, and hybrid models can be 

applied, for example, in adjusting the domain of feature representation and imbalanced data [56]. In the 

classification process, text extraction is crucial for classification accuracy, while the main challenge is 

limited data sources because the available data is generally in an unstructured format [57]. Classification 

in this study was performed using SVM and BERT, where BERT can provide dynamic contextual 

representations to improve classification accuracy [58], while TF-IDF calculates the frequency of words 

in the dataset, which is then used as input for machine learning models to improve classification 

accuracy [59]. 

3.6. Model Evaluation 

A confusion matrix is used to evaluate machine learning models, especially classification models. 

It is a table that compares predicted labels with actual labels for the entire dataset [60]. To ensure the 

model's performance on the data, the classification model was evaluated using a confusion matrix based 

on true and false predictions for sentiment classes and by measuring precision, recall, and the F1 matrix 

[61]. The calculation of precision, recall, accuracy, and F1-score can be seen in the equations (4),(5),(6) 

and (7) [33].  

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =  
𝑇𝑃

𝑇𝑃+𝐹𝑃
   (4) 

𝑟𝑒𝑐𝑎𝑙𝑙 =  
𝑇𝑃 

𝑇𝑃+𝐹𝑁
   (5) 

𝑎𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =  
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+𝐹𝑁
   (6) 

𝐹1 𝑆𝑐𝑜𝑟𝑒 =  2 𝑋 
𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 𝑥 𝑟𝑒𝑐𝑎𝑙𝑙 

𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛+𝑟𝑒𝑐𝑎𝑙𝑙
   (7) 

Additionally, in this study, K-Fold Cross Validation was used to divide the data into several parts, 

train the model on most of the data while iteratively testing the remaining part, specifically for pre-

training IndoBERT.  K-fold cross-validation is a supervised learning model performance evaluation 

method primarily used for hyperparameter optimization. As for the commonly used value of k, it is 5 or 

10, considering the balance between estimation error accuracy and computational cost [62].   

4. RESULT 

4.1. Preprocessing 

Initially, the data collection phase used a data range from the date the Personal Data Protection 

Law came into effect, which is October 17, 2024. However, it was found that the number of existing 

posts was less than a thousand, and it was feared that the data did not yet represent a public sentiment 

sample. Subsequently, we expanded the data collection range from the period when the law came into 

effect, which is from October 17, 2022, to two months after and three months before the official 
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implementation.  A total of 3,345 posts were collected from the X platform, and after cleaning, 2,852 

posts were obtained.  Post-labeling is done automatically using the Inset Lexicon. In the labeling process, 

the number of positive tweets was 1,218, negative tweets 950, and neutral tweets 684.  The data was 

then divided into training, validation, and testing datasets, which were further processed in the 

classification stage using the BERT and SVM methods. The results obtained from both methods were 

evaluated using a confusion matrix. 

4.2. LDA Topic Modelling 

From the sentiment analysis results obtained, topic modeling was performed to map the analysis 

results we obtained by grouping them based on specific topics using LDA (Latent Dirichlet Allocation) 

for topic modeling. Figure 2 shows the distribution of topics based on the sentiment obtained, including 

"data breach," "institution," "digital footprint," "data protection," and "regulation." From this grouping, 

it was found that the topic of data protection dominates, followed by digital foot print and institution.  

4.3. Data Set Ratio Analysis 

For our dataset ratio, we used 80:20, which is a common ratio for training and testing data. 

Additionally, we also tried an 85:15 dataset ratio based on our reference to imbalanced data used in each 

classification method, namely SVM and BERT [63]. Furthermore, K-fold cross-validation was 

performed five times using the BERT method.  

4.4. Data Set Ratio Analysis 

For our dataset ratio, we used 80:20, which is a common ratio for training and testing data. 

Additionally, we also tried an 85:15 dataset ratio based on our reference to imbalanced data used in each 

classification method, namely SVM and BERT [63]. Furthermore, K-fold cross-validation was 

performed five times using the BERT method.  

 

Figure 2.  Distribution of Tweets by Topic 

4.4.1. SVM Classification  

In SVM, feature extraction is performed using TF-IDF. The data is then classified using the SVM 

model. Based on the classification that has been carried out, the precision, recall, and F1-score values 

for the 80:20 data are shown in Table 3, while Table 4 shows the values for data with an 85:15 ratio. 

The comparison between the two datasets shows that increasing the training data from 80% to 85% 

results in an increase from 76.53% to 76.63%. The most notable change is in the recall value for negative 

sentiment. 

 

Table 3. Performance Evaluation Results of the SVM Model 80:20 

 Precision Recall F-1 Score 

Negative 0.72 0.88 0.79 
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Neutral 0.70 0.50 0.59 

Positive 0.83 0.83 0.83 

 

Table 4. Performance Evaluation Results of the SVM Model 85:15 

 Precision Recall F-1 Score 

Negative 0.69 0.93 0.79 

Neutral 0.74 0.45 0.56 

Positive 0.85 0.83 0.84 

 

Figure 3 shows the SVM confusion matrix with 80% training data, while Figure 4 shows the 

confusion matrix with 85% training data. Both models face challenges in accurately classifying neutral 

sentiment, as evidenced by higher misclassification rates. With the reduced dataset in the testing in 

Figure 4, negative sentiment is proven to have fewer mislabeled negative instances, while the 

distribution of neutral and positive sentiments remains largely unchanged. 

 

 

Figure 3 SVM Confusion Matrix 80:20  

 
Figure 4. SVM Confusion Matrix 85:15 

4.4.2. BERT Classification  

Training and validation data were used for the fine-tuning process using IndoBERT, which was 

then applied to the previously separated test data. During the fine-tuning process, the researchers applied 

k-fold cross-validation with k=5, where for each fold, BERT generated model output. On average, the 

evaluation results from K-Fold Cross Validation yielded an accuracy of 0.9109 and an F1 score of 

0.9105. The evaluation results from the fine-tuning process with 80% of the training and validation data 

can be seen in Table 5, while the confusion matrix for this data can be seen in Figure 5. 

 

Table 5 Performance Evaluation Results of the BERT Model 80:20 

K Precision Recall F-1 Score Accuracy 
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1 0.78 0.78 0.78 0.78 

2 0.85 0.85 0.85 0.85 

3 0.96 0.96 0.96 0.96 

4 0.97 0.97 0.97 0.97 

5 0.99 0.99 0.99 0.99 

 

 
Figure 5. BERT fine tuning Confusion Metrix 80:20 

 

From the model that has been created, testing is performed on 20% of the test data, with the 

precision, recall, and F-1 scores shown in Table 6. The BERT precision, recall, and f-1 Scores, while 

the confusion matrix can be seen in Figure 6. 

 

Table 6. BERT Evaluation Score 80:20  

 Precision Recall F-1 Score 

Negative 0.76 0.74 0.75 

Neutral 0.56 0.64 0.60 

Positive 0.86 0.81 0.84 

 
Figure 6. BERT Confusion Metrix 80:20 

 

Because the achieved accuracy was considered insufficient, a different dataset composition was 

used, allocating 85% of the training and validation data and 15% of the test data [63]. However, the k-

fold cross-validation applied in testing the BERT method remained at K=5. 

 

Table 7. Performance Evaluation Results of the BERT Model 85:15 

K Precision Recall F-1 Score Accuracy 

1 0.71 0.71 0.71 0.71 

2 0.85 0.85 0.85 0.85 
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3 0.95 0.95 0.95 0.95 

4 0.99 0.99 0.99 0.99 

5 0.99 0.99 0.99 0.99 

 

 
Figure 7. BERT Confusion Metrix 85:15 

 

Table 7 displays the model evaluation, while Figure 7 shows the confusion matrix from the fine-

tuning process with an 85:15 data combination. This indicates that the chosen division is more suitable 

for imbalanced datasets, as previously explained in the literature, which shows that this ratio yields 

better results. Next, the test data classification shown in Table 8 was performed for its precision, recall, 

and F-1 score values, while the confusion matrix can be seen in Figure 8. 

 

Table 8. BERT Evaluation Score 85:15 

 Precision Recall F-1 Score 

Negative 0.88 0.85 0.86 

Neutral 0.75 0.77 0.76 

Positive 0.91 0.91 0.91 

 
Figure 8. BERT Confusion Metrix 85:15 

4.5. Classification Modeling Results 

Overall, BERT showed better performance than SVM in both data-splitting scenarios. BERT's 

average F1-score was 0.91 ± 0.08 for 80:20 data splitting and 0.89 ± 0.11 for 85:15, while SVM showed 

lower average F1-scores of 0.74 ± 0.12 and 0.73 ± 0.12. Additionally, the accuracy values for SVM and 

BERT are shown in Table 9. 

Table 9. Accuracy  

 Data Train and Validation Accuracy 

SVM 80%  76.53% 
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85% 76.63% 

BERT  80% 75% 

85% 86% 

 

Table 9 shows that the size of the training data composition affects the classification results. It 

can be seen that in the comparison of training and test data at 85:15, both BERT and SVM have an 

increase in accuracy, with BERT being superior in this case with an accuracy value of 86%. 

Additionally, the availability of Indonesian language libraries that can understand context affects the 

accuracy of the classification performed. In this regard, BERT supports multilingual languages and has 

IndoBERT to support the context-based classification process, while in previous studies, SVM was 

considered good enough to perform sentiment analysis classification on laws in effect in Indonesia on 

the X platform [63]. 

5. DISCUSSIONS 

5.1. Sentiment Analysis Content 

Based on the analysis conducted, it was concluded that 43% had a positive sentiment, 33% had a 

negative sentiment, and 24% had a neutral sentiment, as shown in Figure 9. Meanwhile, example 

sentences from the posts can be seen in Table 10. 

 

 
Figure 9. Sentiment on UU PDP 

Based on the sentiment analysis percentages above, here are examples of posts on the X platform 

with the topic of data protection in positive, negative, and neutral sentiments, which can be seen in Table 

10. 

 

Table 10. Examples of Sentiment Sentences 

Positive kepatuhan terhadap UU Perlindungan Data Pribadi kita menciptakan lingkungan 

digital yang aman transparan dan bertanggung jawab. Yuk patuhi UU 

Perlindungan Data Pribadi biar info pribadi kita tetap aman dan gak 

disalahgunakan! 

Neutral Tanggal 18 Oktober 2024 akan menjadi hari pertama UU Perlindungan Data 

Pribadi (UU PDP) mulai berlaku setelah ditetapkan dan disahkan pada 17 Oktober 

2022 

Negative Ayok buktikan mana uu nya bunyi nya gimana penerapan nya gimana terus 

gimana sama uu pdp Apa cuma omon doamg tuh uu Wkwkwkwk gaada harganya 

tuh uu 

 

Based on the analysis conducted, the unique words that most frequently appear in negative 

sentiment, as shown in Figure 10, include "kena," "diskusi," "kpu," "salah," "legal," "cloud," "badan," 

"instansi," "kayak," dan "pilih" . Negative sentiment focuses on criticizing the suitability of the 

regulations that have been implemented. Meanwhile, in the positive sentiment shown in Figure 11, the 

33%

24%

43%
Negatif

Netral

Positif
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most frequently occurring unique words include "komitmen," 

"pemutakhirdanatapelanggan","acceleratingrenewableenergy," "dukung," "langkah," "syukur," "keren," 

"nyaman," "dalam," dan "pres". Positive Sentiment, The public is focused on supporting and hoping that 

the PDP Law can provide strong legal protection. In the neutral sentiment shown in Figure 12, the most 

frequently occurring unique words include "enkripsi," "amsi," "ai," "bisnis," "maju," "hadap," "pers," 

"tribun," "peran," dan "etika". The public tends to be indifferent. One of the most discussed topics related 

to neutral sentiment is the establishment of an independent body for this PDP Law. 

 

 
Figure 10. Word Cloud Negative Sentiment 

 

 
Figure 11. Word Cloud Positive Sentiment 

 
Figure 12. Word Cloud Neutral Sentiment 
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Figure 13. Distribution of Tweets by Topic with Sentiment Count 

 

Figure 13 shows that the topic of data protection has 55.25% positive sentiment from 1,419 

tweets, and institutions have 41.96% positive sentiment from a total of 313 tweets. On the other hand, 

the topic of regulation is dominated by negative sentiment, with 58.80% of the 386 tweets grouped under 

this topic expressing dissatisfaction or concern. For the topics of digital footprint and data breaches, 

both are relatively balanced between positive and negative sentiment obtained, although negative 

sentiment is slightly higher, with 37.44% negative sentiment from 593 tweets for digital footprint and 

39.08% negative sentiment from 87 tweets for the data breaches topic. 

 

 
Figure 14. Sentiment Trend by Topic 

 

Trend analysis in Figure 14 shows that the topic of data protection generally receives a positive 

response from the public. Conversely, the topic of regulation raises significant concerns, requiring 

policy strengthening to be well-received. For the topic of institutions, sentiment is relatively balanced 

with a slight positive bias. Meanwhile, regarding digital footprints, concerns have emerged about the 

risk of illegal use of personal data. The topic of data breaches shows a relatively balanced distribution 

of sentiment, although the number of analyzed tweets is limited. 

However, both the sentiment analysis and the trends obtained previously have the potential for 

temporal bias and limitations due to scraping being done only on the X platform. This is because the 

data was obtained within a specific time range, so public opinion or sentiment will tend to be influenced 

by currently trending topics. For example, in the sentiment analysis conducted, data was collected within 

a time range after the Personal Data Protection Law (PDP Law) was passed and the PDP Law began to 

be implemented. Therefore, the opinions obtained tend to be unstable, and these opinions are not based 

on experience implementing the PDP Law but rather on public opinion regarding its passage and 

implementation.  
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In the study conducted by Suragih et al. in 2021, data collection was carried out during two periods 

of PSBB because sentiment is time-bound [22]. For example, in previous studies, there were several 

studies on policies implemented during the pandemic/COVID-19, and it can be seen that the 

composition of public sentiment tended to differ across the time period from 2020 to 2021. For instance, 

it could be positive [9][16][19][24][30][25], negative [5][10][22][23][33] or neutral [6][17][64]. 

Additionally, different specific topics also influence sentiment; for example, sentiment on the topic of 

vaccines [10] may differ from sentiment on PSBB [16]. 

5.2. Classification Model 

NLP is already widely used in various countries for sentiment analysis related to policies. For 

example, in Korea, KcBERT is used to perform sentiment analysis on the low birth rate policy in South 

Korea, using comments from the YouTube platform, with an accuracy of 82% [65]. In Bangladesh, 

sentiment analysis related to mob justice is conducted on the Facebook platform using DistilBERT, with 

an F1-score of 93% [66], Meanwhile, in India, several sentiment analyzes have been performed, such 

as using DistilBERT on Twitter, Facebook, online discussion platforms, and surveys with an accuracy 

of 92% [67], RNN and Transformer on Google Forms, social media, and news articles with an accuracy 

of 83.3% [68]  Bi-LSTM on the Twitter plat(Soreng & Bandhu, 2025)f 92.8% [69]. In Indonesia, NLP 

is also used for sentiment analysis, for example, in green economy policies [70] and biodiversity [34]. 

Previous research shows that NLP performs well in a variety of languages, particularly for BERT, and 

is applicable on a variety of platforms. 

In previous research to analyze sentiment in Indonesian biodiversity policy tweets, several 

traditional models were compared, and it was found that IndoBERTweet performed best with an 

accuracy of 78.99% [34]. This is in direct contrast to the research conducted by the author, however, in 

this study, the author used IndoBERT, and it was found that BERT outperformed SVM. This is because 

BERT can understand context in multiple languages. Although it has lower accuracy than BERT, SVM 

has advantages in computational efficiency and faster processing, making it suitable for environments 

with limited computing power, while BERT requires a longer fine-tuning and computational process. 

5.3. Recommendation  

Based on the sentiment analysis and modeling conducted by the researcher, several 

recommendations are provided, including strengthening digital security through periodic audits to 

ensure compliance with the PDP Law. Furthermore, education, including public awareness campaigns 

for various elements of society and government, needs to be enhanced. In addition, the establishment of 

an independent institution to oversee the implementation of the PDP Law needs to be prioritized because 

it is one of the issues of public concern, and mandatory security certification needs to be applied to 

companies that manage personal data. Continuous periodic evaluations are expected to maintain the 

alignment of the PDP Law with technological developments and community needs, particularly in terms 

of sanctions, which are still perceived as weak by the public, and to make the regulations more adaptable 

and increase public trust. 

Based on the research conducted, the researchers recommend using a training-to-test data ratio of 

85:15, which is suitable for imbalanced data composition, and selecting a method that can understand 

language context and support multiple languages to achieve better results. Furthermore, this sentiment 

analysis can be implemented as a real-time monitoring tool for public sentiment regarding policies that 

have been or will be implemented by the government, serving as a basis for evaluating and improving 

policies to align with community conditions and needs. Additionally, the researchers recommend using 

hybrid methods from machine learning and deep learning as the foundation for sentiment analysis to 

improve accuracy.   
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6. CONCLUSION 

Based on the sentiment analysis conducted, it was found that public sentiment tends to be positive 

at 43%, while negative sentiment is 33% and neutral sentiment is 24%. The topics generally discussed 

are data protection, regulation, institutions, data breaches, and digital footprints. Meanwhile, in terms of 

accuracy measurement, it was found that BERT performed better with an accuracy of 86% compared to 

SVM at 76.63% with a training and testing data composition of 85:15. This advantage is due to 

IndoBERT's ability, which has been optimized for the Indonesian language and supports context-based 

classification. Conversely, the performance of SVM is highly dependent on the text preprocessing stage, 

but it still offers advantages in terms of speed and relatively low computational requirements. This 

indicates that using transformer-based models is more relevant for analyzing Indonesian-language text. 

From the research conducted, it provides insight that NLP can be further used as the basis for algorithms 

or frameworks in sentiment analysis, particularly in examining public response or opinion toward 

government policies, and can serve as a database for decision-making, for example, by being 

implemented in a real-time monitoring system. 

This study has limitations because the data only covers public uploads within a specific period 

and is only conducted on Platform X. Therefore, future research is recommended to expand the data 

scope to various platforms (cross-platform data), apply temporal analysis, and consider demographic 

segmentation and advanced NLP methods to make the sentiment analysis results regarding the PDP Law 

more comprehensive. 
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