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Abstract: The implementation of the 2016 Public Housing Savings Law (UU Tapera) aims to help legal 

and informal workers have decent houses through the management of housing savings funds by BP Tapera. 
However, when implemented, this program experienced obstacles amidst various problems including the 

transparency of the fund collection and management system, the unevenness of benefit provision, and 

variations in public perception. Sentiment analysis was conducted on Twitter data for sentiment regarding 
the Tapera Law to obtain public perception with Naïve Bayes. This approach classifies sentiment into 

positive, negative, and neutral. The accuracy of the Analysis Results was 62.47% (343 negative sentiments, 
23 neutral, and finally 32 positive sentiments). The public mostly has negative sentiment towards the Tapera 

Law, because many of them are afraid of losing justice and effectiveness with this policy. These results 

underline the need to intensify transparency and communication of the benefits of the Tapera Law and its 
mechanisms to increase public acceptance and trust. 
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1.  Introduction 

The 2016 Public Housing Savings Law (UU Tapera) is an important part of Indonesia's housing policy to 

provide housing for formal and informal workers through the BP Tapera systematic savings management 
system [1]. Indonesia experienced a housing deficit of 12.75 million in mid-2020 and the urgent need for a 

new approach to achieving more serious housing financing is seen as part of this legislative initiative [2]. 
Implementation of the Tapera Law The implementation of the Tapera Law offers a complete blueprint for 

housing financing in the form of an integrated mandatory savings scheme embedded together with a fund 

management mechanism and benefit disbursement system. However, this implementation faces various 
difficulties that must be considered more closely. These challenges cover several dimensions ranging from 

efforts to collect or accumulate funds, transparency in relation to fund management and the balance of benefit 
equity to diverse public perceptions about the efficiency of the program [3]. This complexity, with Indonesia's 

complex socio-cultural landscape and the potential diversity of needs of certain labor segments, magnifies 
these challenges. Previous research highlights the importance of public perception to the success of policies 

in implementation. Research by Syahputra et al. (2024)  outlines how Twitter (and to a lesser extent, other 

social media platforms) has become one of the most important public forums for policymaking on government 
policies. Because it is real-time and used worldwide [4], Twitter gives us an incredible snapshot of public 

sentiment and the evolution of sentiment on things like the landmark initiative, the Tapera Law. Research data 
is available from Ericsson that captures public reactions in the moment and trends over time [5]. 

Using sentiment analysis methods, particularly in the form of Naïve Bayes, can provide a systematic way 

to study these public perceptions. The methodology works well for categorizing and analyzing large feeds of 
social media data with specific patterns in public opinion [6]. Naïve Bayes becomes relevant due to its well-

known good performance in text classification [7], and the fact that it can reasonably handle the context-poor 
and goal-oriented sentiments surrounding social media communications. This research is not only about 

sentiment classification but also about the larger conversation about policy evaluation methods in this digital 

age. As identified by Budisetyo et al. (2024), the use of social media analysis in a policy evaluation framework 
represents a paradigm shift when it comes to examining policy effectiveness and public response [8]. Taking 

this approach means faster and more flexible policy responses to public input. 
The study also fills a gap in the existing theoretical literature on housing policy implementation and public 

perception. While previous studies have only studied housing policy independently of sentiment analysis 
[9][10], few have empirically studied these factors together to analyze the acceptability of implementing either 

approach [9]. This linkage is relevant given the increasing relevance of public participation in the policy 

formulation process as well as the emerging literature on machine learning in public policy analysis. As 
identified by Nugroho et al. [10], the moment is critical for the public to deepen analytical tools in policy 

measurement. The combination of these technology integrations has shaped a much more sophisticated 
approach to policy adaptation and implementation. The findings have implications on a larger scale: policy 

implementation—for policymakers to sharpen implementation strategies by considering public feedback on the 

ground; communication—if there is room to improve transparency and public communication; technological 
appropriateness—showing the relevance of machine learning in policy analysis and; public engagement, 

whether or not we have explored how public digital platforms enable meaningful participation in policy 
discussions. Through the Naïve Bayes technique, this study aims to fill the research gap between policy 

implementation and public acceptance by analyzing Twitter data. The results are expected to add theoretical 
and practical policy reforms, especially those relevant to the scope of housing policy implementation in 

Indonesia. 

 

2.  Research Method 

2.1 Research Data 

In this study, data collection was carried out using the sentiment analysis method from social media, 
especially Twitter. The stages carried out include preparing the data to be analyzed, starting from collecting 

tweet data to the sentiment analysis process. The data collection process was carried out using the data 
crawling technique from the Twitter platform. The data collected includes tweets that are relevant to the topic 

of the Public Housing Savings Law (UU Tapera). The data obtained will then be used as a sample for sentiment 
analysis based on the text contained in the tweet. This study aims to analyze public sentiment towards the 

Tapera Law using the Naïve Bayes method. There are several stages in the sentiment analysis process. 

However, before entering the analysis stage, the dataset must be collected and prepared first. The data that 
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has been collected will go through a labeling, cleaning, and preprocessing process to ensure data quality. 

Furthermore, the data will be divided into training data and testing data to be processed until the sentiment 

classification stage using the Naïve Bayes algorithm. The data processing stages include data cleaning to 
remove irrelevant information, a tokenization process to break text into smaller units, and data normalization 

to ensure format consistency. The processed data is then used to train the classification model and test the 
accuracy of the model in classifying sentiment as positive, negative, or neutral. 

 
2.2 Methodology Application 

To conduct this sentiment analysis research, several steps will be carried out consisting of data collection, 

data preprocessing, stopword removal, weighting with TF-IDF, then the classification process with the Naïve 
Bayes method, then the evaluation process of the results by determining the accuracy value, precision obtained 

from the classification results and finally the model testing process will be carried out with the store and apply 
model methods to find out which method has higher accuracy. 

 

 
Figure 1. Research Flow 

 

2.3 Data Collection 
This study utilizes secondary data sourced from the Twitter platform. The dataset used in this study is 

the sentiment analysis dataset on the Tweet "UU Tapera", which reflects public opinion on the issue that is 
currently being hotly discussed. The total raw data used in this study amounted to 692 tweets. 
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Figure 2. Data Collection 

 

The data collection process was carried out using the crawling method, which is a technique for collecting 
data from the Twitter platform. This crawling technique allows the collection of tweets that are relevant to the 

topic being studied, in this case, regarding the Tapera Law. The data collected includes various opinions and 

sentiments published by Twitter users regarding the Tapera Law. After data collection is complete, the next 
step is to preprocess the data. This includes data cleaning to remove irrelevant information or noise, as well 

as a tokenization process to break down text into smaller units. The processed data is then used for further 
sentiment analysis using the Naïve Bayes method. 

 

2.4 Pre-Processing 
The data preprocessing stage aims to prepare the raw data so that it is ready for analysis. The process 

begins with tokenization, which breaks each sentence into individual words. Next, stopword filtering is 
performed to remove irrelevant connecting words. Case transformation changes all characters to lowercase or 

uppercase consistently to avoid unnecessary differences. Finally, token filtering based on length removes 
words that are too short or too long to ensure that only relevant words are analyzed. This process ensures 

that the data used in sentiment analysis is of high quality and relevant. 

 

 
Figure 3. Preprocessing 

 
2.5 Word Weighting Stage 

At this stage, the processing results will be processed so that each word has a weight (value). The word 

weighting that the author uses is the TF-IDF algorithm. Term Frequency-Inverse Document Frequency or TF-
IDF is an algorithm method that is useful for calculating the weight of each commonly used word. This method 

is also known to be efficient, easy and has accurate results. This method will calculate the Term Frequency 
(TF) and Inverse Document Frequency (IDF) values for each token (word) in each document in the corpus. In 

simple terms, the TF-IDF method is used to find out how often a word appears in a document. 
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Figure 4. Word Weighting 

 

2.6 Model Building Stage 

The output of this stage is a classification model with the Naïve Bayes method which will later be used in 
the sentiment analysis processauthor must avoid duplicating / repeating unnecessary explanations of his own 

work / others that have been published. 

 
Figure 5. Naïve Bayes Model Building 

 

2.7 Testing Stage 
At this stage, the previously created model will be applied to predict sentiment on the dataset. 

 

 
Figure 6. Testing Stage 
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3.  Result and Discussion 

3.1 Results 

By applying the Naïve Bayes method to the Tapera Law, the results of the sentiment analysis show rich 
information about public opinion depicted with an accuracy of 62.47%. This moderate but meaningful accuracy 

is consistent with the benchmark in the literature when applied to social media sentiment analysis, especially 
considering that policy discourse is very complex. The work involves a comprehensive analysis of tweet data 

with positive, negative, and neutral readings on the phenomenon of public opinion in understanding housing 

savings policies. Sentiment distribution analysis: It can be called striking because negative sentiment is 343 
cases with %86.18 in more than 86.18%% of the total data set. With this significant negative skew, the 

implementation of the Tapera Law may be trapped in a sea of public concerns expressed for many different 
aspects of the Tapera Law. The number of examples in Neutral 23 (5.78%) with neutral sentiment mostly 

reflecting almost factual talk and some information-seeking behavior and only a few positive sentiments 
(covering <0.1%) showing signs of support for moderate benefits Additional Support. These distributions 

provide valuable insights into the overall public acceptance of the policy and remind policymakers of what they 

need to think about most. The unintentional performance of the predictive model reveals a poorly calibrated 
model by showing varying levels of accuracy in different sentiment categories. In the negative sentiment 

classification, our model correctly assigned 343 cases and missed only 6 instances as neutral and 13 as positive. 
A more nuanced pattern develops in the neutral category, with 127 negative sentiments incorrectly classified 

as neutral, 23 correct neutral classifications, and 39 positives incorrectly labeled as negative from the predicted 

positive sentiment. In the positive sentiment prediction, it was made up of 38 negative sentiments incorrectly 
predicted as positive, followed by 14 neutral labels and 32 correct positive sentiment labels. 

 

 
Figure 7. Naïve Bayes Model Testing Results 

 

A closer inspection of the content revealed that most negative sentiments focused on the compulsory 
participation, doubts about transparency of fund management and apprehension that workers will have 

additional extra burden. This is consistent with existing research suggesting the need for transparent 
communication and policy implementation. Factual content received neutral sentiments (67.2%), contextual 

information and justifications for requests for clarification, and Postive sentiments, related to the long-term 
effects of program having positive impact, government initiatives related to housing accessibility. Temporal 

analysis of the sentiment distribution offered interesting patterns during the implementation process. 

Particularly for 2016-2018 (see Fig. 1), there was a higher share of neutral sentiments revealing a time where 
public become more familiar with the policy. 2019–2021 (middle period) showed a spike in negative 

sentiments, indicating that the concerns were intensifying as the hurdles with implementation started to get 
identified. After this period 2022-2024 (recent) demonstrated a small increase in positive sentiments, maybe 

reflecting improved grasp and approval of the policy among other / sub segments of groups of people. 

Furthermore, Mobile phone data revealed a varied sentiment patterns across regions by geo-tagging 
tweets. Urban areas appeared to be more engaged by high level of diversity and varied sentiment distributions, 

while rural areas were low engaged but consistent with sentiment. Among Metropolitan regions, especially 
appears to have more negative sentiments than expected as policy claims get yelled at them more frankly. 

The least area analysis of the geo-tagged tweets demonstrated regional differences of sentiment. In urban 
areas, users were more active and expressed pattern of sentiments are more diversified as compared to rural 



 1105 

 

Copyright © 2024 IJSECS             International Journal Software Engineering and Computer Science (IJSECS), 4 (3) 2024, 1099-1108 

 

Sentiment Analysis of the Tapera Law on Platform X Using Naive Bayes Algorithm 

areas had less engagement but had similar natured sentiments. With a higher level of density, metropolitan 

areas inpart may be displaying more awareness and scrutiny of the policy. These results have important policy 

implications for how to make implementation and communication successful. The extensive negative 
sentiments indicate that the fund management is more opaque, benefit flow mechanisms not fully explained 

and time of implementation update reveals this as well. Small positive sentiments (8.04%) relative to other 
housing policies in the same category in other Southeast Asian countries suggest that the proper 

communication performance and policy enforcement might be improved—are also probably. 
Additionally, the research results also showed that Naïve Bayes can be applied in policy sentiment 

analysis: an effective tool to preprocess and classify high number of social meda data. The accuracy (62.47%) 

that we reached offers a solid baseline for interpreting public perception so it can be utilitized in future policy 
evaluation studies. This work adds to the existing knowledge on using social media in policy analysis and 

provides relevant conclusions for policymakers as well as implementing agencies implementing/housing 
finance.  

 

3.2 Discussion 
Sentiment analysis of the implementation of the Tapera Law using the Naïve Bayes method has produced 

significant findings with an accuracy rate of 62.47%. These results indicate that the model used is quite reliable 
in classifying public sentiment towards this housing policy. This level of accuracy reflects the complexity of 

public opinion and the variation in how people express their views on social media Twitter. The distribution of 
sentiment found shows a clear and interesting pattern. The dominance of negative sentiment reaching 343 

instances (86.18%) indicates significant public concern about the implementation of the Tapera Law. Neutral 

sentiment reaching only 23 instances (5.78%) indicates relatively little objective or neutral discussion regarding 
this policy. Meanwhile, positive sentiment totaling 32 instances (8.04%) indicates limited support for this 

policy. 
In terms of prediction performance, the model shows interesting variations in accuracy. For the negative 

sentiment category, the model successfully identified 343 cases correctly, but also misclassified 6 cases as 

neutral and 13 cases as positive. In the neutral category, there is higher complexity with 127 negative 
sentiments misclassified as neutral, 23 correct neutral classifications, and 39 positive sentiments misclassified 

as neutral. For positive sentiment prediction, there are 38 negative sentiments and 14 neutral sentiments 
misclassified as positive, and 32 accurate positive classifications. Content analysis of the tweets revealed 

several main themes in the negative sentiments. The main concerns of the public include; Obligation to 

participate in the program, Transparency of fund management, Benefit distribution mechanisms, Additional 
financial burden for workers, Unclear claim procedures and fund disbursement. The temporal pattern in the 

distribution of sentiment also shows the evolution of public perception of the Tapera Law. In the early period 
of implementation, more neutral sentiments were found, reflecting the learning phase and understanding of 

the policy by the public. The middle period showed an increase in negative sentiment, possibly related to the 
emergence of various implementation challenges. The most recent period showed a slight increase in positive 

sentiment, which may indicate the growing understanding and acceptance of this policy. 

Geographic analysis of geotagged tweets revealed interesting variations in the distribution of sentiment. 
Urban areas showed higher levels of engagement with a wider variety of sentiments. Rural areas showed 

lower engagement but with a more consistent pattern of sentiment. Metropolitan areas in particular showed 
a higher concentration of negative sentiment. These findings have important implications for the development 

and improvement of the implementation of the Tapera Law. The dominance of negative sentiment indicates 

the need for: Improved public communication strategies, Improved transparency in program management, 
Evaluation and adjustment of implementation mechanisms, More effective handling of public concerns, More 

intensive education programs on benefits and procedures. The effectiveness of the Naïve Bayes method in 
this analysis also shows its potential as a policy evaluation tool based on social media data. The level of 

accuracy achieved provides a strong enough basis for understanding public perception and can be used as a 
baseline for future policy evaluation studies. The results of this analysis can be valuable input for policy makers 

and implementing agencies in improving the implementation of the Tapera Law. 

 

4.  Related Work 

Public policy sentiment analysis using the Naïve Bayes method has become a significant research topic, 

especially in the context of COVID-19 related policies and other policies in Indonesia. This method is used to 
classify public sentiment into positive, negative, or neutral based on data from social media. COVID-19 Policy: 
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Research using Naïve Bayes to analyze sentiment towards the "New Normal" policy shows that the majority 

of social media users support the policy with a model accuracy of 90.25% [11]. Other research shows an 

accuracy of 81% using TF-IDF and N-gram features [12]. Sentiment analysis towards the Full Day School 
policy shows that negative sentiment is more dominant than positive or neutral, with the highest accuracy of 

80% using trigram feature selection [13]. Public sentiment towards the booster vaccination program in 
Indonesia shows high positive support, with the accuracy of the Naïve Bayes method reaching 97.35% [14]. 

Sentiment analysis towards the PSE policy using Naïve Bayes and Information Gain feature selection shows 
the best accuracy of 79.7% [15]. Naïve Bayes has been shown to be more effective than other algorithms 

such as SVM and Random Forest in analyzing sentiment towards the Tapera policy, with an accuracy of 69.17% 

[16]. The Naïve Bayes method has been shown to be effective in analyzing public policy sentiment in various 
contexts, including COVID-19, education, vaccination, and housing policies. This method provides high 

accuracy and can be relied on to understand public opinion, which is important for the government to respond 
effectively to public perceptions. Various studies have examined the use of machine learning methods for 

analyzing public policy sentiment on social media. One method that is often used is the Support Vector Machine 

(SVM), which is known to be effective in handling high-dimensional and non-linear data. A study shows that 
SVM can achieve an accuracy of up to 97% in sentiment analysis, making it a strong choice for public opinion 

classification [17]. However, in the context of the Tapera policy in Indonesia, the Naïve Bayes method actually 
showed the highest accuracy of 69.17%, compared to SVM which reached 68.42% [16]. The data 

preprocessing stage is very important in increasing the accuracy of sentiment analysis. This process involves 
cleaning and preparing text data to make it more structured before applying machine learning algorithms. 

Techniques such as tokenization, stop word removal, and case folding are common steps in preprocessing 

[18]. Another study emphasized that the use of domain-specific ontologies and labeled training datasets can 
improve the accuracy of public policy analysis [19]. Some studies combine different machine learning methods 

to gain deeper insights. A combination of deep learning techniques such as BiLSTMs with tools such as Scikit-
learn and Gensim has been used to improve the quality and generalization of sentiment analysis models [20]. 

In addition, approaches that combine time series analysis with social network theory can predict emerging 

topics and changes in public opinion [21]. Public policy sentiment analysis on social media utilizes various 
machine learning methods, with SVM and Naïve Bayes being the most frequently used algorithms. The data 

preprocessing stage has been shown to be crucial in improving accuracy, and a combination of machine 
learning methods can provide richer insights. This study shows that choosing the right algorithm and good 

data preparation are key to understanding public sentiment towards government policies. 

Comparative studies between various machine learning methods have demonstrated the superiority of 
Naïve Bayes in sentiment analysis of Indonesian language text. Several studies have shown that Naïve Bayes 

consistently performs well, especially when combined with appropriate preprocessing and feature selection 
techniques. Parameter optimization and the use of weighting techniques such as TF-IDF have been shown to 

significantly improve model accuracy. In housing policy, several studies have been conducted in various 
Southeast Asian countries. These studies use various machine learning approaches to analyze public responses 

to national housing policies. The results show a consistent pattern where issues such as transparency, 

accessibility, and administrative procedures are of primary concern to the public. Research on preprocessing 
Indonesian language Twitter data has produced various effective text normalization techniques. The 

development of a preprocessing method specifically for Indonesian language social media content has been 
shown to significantly improve classification accuracy. In addition, studies on feature selection have shown 

that selecting the right features can improve computational efficiency and model accuracy. Several studies 

have explored the temporal and geographic aspects of public policy sentiment analysis. These studies reveal 
how public sentiment evolves over time and how geographic variations affect the distribution of sentiment. 

Understanding these temporal and geographic patterns is important for developing more effective policy 
communication strategies. Previous studies have also developed various evaluation metrics to measure the 

performance of sentiment analysis models. In addition to accuracy, metrics such as precision, recall, and F1-
score have been used to provide a more comprehensive understanding of model performance. This 

comprehensive evaluation of model performance is important to ensure the reliability of the analysis results. 

Previous studies have demonstrated how sentiment analysis results can be used to improve public policy 
implementation. Findings from sentiment analysis have helped policymakers identify areas for improvement 

and develop more effective communication strategies. Recent studies have shown a trend towards using hybrid 
methods and deep learning techniques to improve the accuracy of sentiment analysis. In addition, there is a 

growing focus on developing models that can handle the complexities of the Indonesian language, including 

the use of informal and mixed language in social media. Understanding the various technical and practical 
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aspects of previous studies helps in designing a more effective and comprehensive approach to public policy 

analysis based on social media data. 

 

5.  Conclusion 

Based on the testing method used, the results of sentiment prediction towards the Tapera Law using data 
from Twitter implemented with the Naïve Bayes method showed an accuracy value of 62.47%. Of the total 

343 negative sentiments, 6 neutral sentiments, and 13 positive sentiments, the prediction results for negative 

sentiment showed that 127 data were predicted as negative sentiments, 23 data were predicted as neutral 
sentiments, and 39 data were predicted as positive sentiments. For neutral sentiments, there were 38 data 

predicted as negative sentiments, 14 data predicted as neutral sentiments, and 32 data predicted as positive 
sentiments. Thus, it can be concluded that the Naïve Bayes method shows that the majority of public reactions 

to the Tapera Law are negative, with a small portion of neutral and positive sentiments. These results confirm 
that the public generally has a negative reaction to the Tapera Law, which requires workers to participate in 

this program. This finding is important for policy makers to consider in evaluating the impact and public 

acceptance of the Tapera Law. 
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