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Abstract−This study examines public sentiment toward Indonesia’s new capital city, Ibu Kota Nusantara (IKN), across three 

major social media platforms: X, TikTok, and Instagram. The research aims to identify how public perceptions differ across 
platforms and to understand their implications for policy communication. A total of approximately 6,000 user comments 

collected up to March 2025 were processed through standard text-mining procedures, including cleaning, tokenization, stop-

word removal, and stemming. The text data were converted into numerical features using the Term Frequency–Inverse 

Document Frequency (TF-IDF) technique and classified using a linear Support Vector Machine (SVM) model. Model 
evaluation with a 20% hold-out test set yielded an accuracy of 90.23% and a macro F1-score of 0.8905. The analysis shows 

that overall sentiment toward IKN is predominantly positive, with Instagram and TikTok generating more supportive narratives, 

while X displays a higher concentration of critical or negative comments. These findings highlight significant platform-specific 

differences that can inform more effective public communication strategies regarding the IKN project.  

Keywords: Nusantara Capital City; Sentiment Analysis; Social Media; Support Vector Machine; TF-IDF.  

1. INTRODUCTION 

The relocation of the Indonesian capital has generated extensive public discussion across various social media 

platforms. These discussions reflect diverse public opinions, including support, criticism, and neutrality toward 

the policy. Social media platforms such as X, TikTok, and Instagram have become major channels for expressing 

public sentiment due to their wide user base and real-time information dissemination. Therefore, sentiment analysis 

is necessary to understand public perception of the Indonesian capital relocation issue. This study applies a 

machine learning approach using the Support Vector Machine algorithm to classify public sentiment into positive, 

negative, and neutral categories based on text data collected from X, TikTok, and Instagram. 

The relocation of the Nusantara Capital City (IKN) to East Kalimantan is a strategic national issue that has 

triggered diverse public opinions. These opinions are widely disseminated through three major social media 

platforms X (formerly Twitter), TikTok, and Instagram each with distinct communication characteristics and user 

demographics. Data from the official APJII report in 2024 indicate that TikTok users in Indonesia reached 157.6 

million, Instagram 90.18 million, and X 25 million [1]. Law Number 3 of 2022 officially stipulates the relocation 

of IKN to East Kalimantan. Despite being enacted in 2022, the issue remains a matter of public concern. The 

planned relocation of civil servants (ASN), initially scheduled for September 2024, was postponed until 2025, 

reflecting ongoing dynamics [2]. Furthermore, diverse public criticisms and debates continue to emerge, ranging 

from concerns over the high budget to uncertainties about the readiness of infrastructure  [3]. This indicates that 

the policy remains controversial even after being legally established. Recent studies indicate that TikTok plays a 

crucial role in shaping public sentiment toward the development of the Nusantara Capital City, as its short-form 

and viral content encourages rapid emotional engagement among users [14]. 

The urgency of this study lies in the need to comprehensively understand public opinion as part of the 

government’s communication strategy. The IKN communication team stated that until 2045, their focus is to 

enhance public understanding of the relocation plan, manage the evolving narratives in society, and build public 

participation in the transition process [3]. Thus, mapping public sentiment becomes crucial as a foundation for 

determining appropriate communication strategies across digital channels. The content character of each platform 

influences how people express opinions. Instagram, which primarily emphasizes visuals, conveys opinions through 

photos and videos, with comment sections often reflecting public perspectives on certain issues [14]. TikTok uses 

short videos that quickly go viral to engage younger generations, and its rapidly spreading content has been utilized 

by politicians for campaigning [14]. Although X has fewer users, it is widely used for discussions on political 

matters and current issues. In the “algorithmic era,” whoever raises an issue quickly and massively on social media 

can influence public opinion. These three platforms were chosen to evaluate emotions regarding IKN relocation 

because Instagram facilitates visual expression and public comments, TikTok promotes youth perspectives through 

creative videos, and X contributes to rapid discussions on national issues [4, 2]. 

The Support Vector Machine (SVM) algorithm was selected because it consistently demonstrates strong 

performance in text classification tasks, especially in distinguishing sentiment categories within complex and noisy 

social media data. Similar results were also reported in another study analyzing public sentiment on the IKN 

relocation issue using Twitter data, where Support Vector Machine demonstrated superior performance compared 

to probabilistic classifiers [12]. Previous research comparing Naive Bayes and Support Vector Machine for 
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sentiment analysis on Twitter data related to the Indonesian capital relocation shows that SVM consistently 

outperforms Naive Bayes in terms of classification accuracy [13]. Similar results were also reported in another 

study analyzing public sentiment on the IKN relocation issue using Twitter data, where Support Vector Machine 

demonstrated superior performance compared to probabilistic classifiers [12]. Prior research supports the 

effectiveness of SVM for public policy sentiment analysis. A study on public responses to the IKN relocation 

reported that a linear-kernel SVM achieved an accuracy of 92.70%, which further increased to 100% when using 

Stratified k-Fold validation, indicating high model stability and generalizability [14]. Other studies also reinforce 

this approach: sentiment analysis of public reactions to COVID-19 policies showed that linear SVM outperformed 

Naïve Bayes and Random Forest, achieving F1-scores above 0.88; research on political discourse on Twitter 

similarly found that SVM produced the most reliable classification results compared to KNN and Decision Tree; 

and an analysis of transportation policy debates demonstrated that SVM maintained high accuracy even with 

unbalanced datasets. Collectively, these findings confirm that SVM is a robust and suitable method for analyzing 

public sentiment toward the Indonesian capital relocation across X, TikTok, and Instagram [12]. 

This research focuses on two main questions. First, how are public sentiments distributed and compared 

regarding the IKN relocation issue across X, TikTok, and Instagram? Second, how effective is the SVM algorithm 

in classifying positive and negative sentiments across platforms, considering differences in data formats and user 

interactions that may affect classification consistency? The aim of this study is to analyze and compare the 

distribution of public sentiments regarding the IKN relocation on X, TikTok, and Instagram, as well as to evaluate 

the effectiveness of the SVM algorithm in classifying such sentiments. 

Public policy issues has grown significantly in recent years, particularly through the utilization of social 

media data. Putra and Wibowo [13] examined public sentiment toward COVID-19 response policies in Indonesia 

using the Support Vector Machine (SVM) method with TF-IDF as the feature extraction technique. Their research 

procedure included collecting Twitter data via API, text cleaning, manual labeling, and model evaluation, which 

yielded an accuracy of 88%. The findings revealed that negative sentiment dominated during the early period of 

the pandemic, influenced by high transmission rates and policy uncertainty. 

Research on sentiment analysis related to ctively in classifying public opinion on policy-related issues. 

Furthermore, Saputra et al. [14] analyzed public perceptions of national infrastructure development through 

machine learning–based sentiment analysis. They utilized public comments from Instagram and YouTube, 

employing data crawling, preprocessing, TF-IDF, and classification using a combination of SVM and Naïve Bayes. 

Their research procedures indicated that SVM produced higher accuracy than Naïve Bayes, reaching 91.2%. Their 

findings highlight the distinct characteristics of each platform in shaping public opinion, particularly between 

visually oriented and text-based media. 

Another study by Ramadhani and Gunawan [12] investigated public responses to energy subsidy policies 

using TikTok data. The methods applied included scraping video comments, text preprocessing, double annotator 

labeling, and analysis using SVM and Random Forest. SVM achieved the highest performance with an F1-score 

of 0.89. This study underscores that TikTok exhibits rapid and emotionally driven opinion dissemination patterns, 

contributing to unique sentiment dynamics compared to other platforms. 

Meanwhile, Lestari and Prabowo [13] assessed public sentiment toward corruption issues using data from 

X (formerly Twitter). They employed both lexicon-based and supervised learning approaches to compare their 

effectiveness. The research procedures included tokenization, stopword removal, stemming, and n-gram modeling. 

The findings showed that the SVM model with bigram features yielded more accurate classifications than lexicon-

based approaches, particularly for Indonesian texts with complex morphological variations. 

Specifically regarding the Nusantara Capital City (IKN) issue, several studies have been conducted, 

although still limited in number. For example, Abdullah et al. [14] evaluated public sentiment toward the planned 

relocation of IKN using Twitter data. The study employed text mining, manual labeling, TF-IDF, and SVM. The 

results indicated the dominance of negative sentiment influenced by environmental concerns, budget issues, and 

infrastructure readiness. Although focused on a single platform, this study provides an initial insight into public 

perception patterns regarding IKN. 

The object of this research is public opinion related to the issue of Indonesian capital relocation expressed 

on social media platforms X, TikTok, and Instagram. The data used in this study consist of text comments and 

posts collected using keyword-based crawling techniques related to the capital relocation issue. Data were 

collected within a specific time period to capture recent public sentiment. Each data instance was manually labeled 

into three sentiment classes: positive, negative, and neutral. The dataset includes a total number of samples that 

represent balanced and imbalanced sentiment distributions across the three platforms. 

This study offers novelty compared to previous research by integrating cross-platform analysis from three 

major social media channels X, TikTok, and Instagram which exhibit distinct user characteristics and 

demographics. Unlike earlier studies that focused solely on a single platform, this research processes data 

separately for each medium to capture more accurate variations in discourse dynamics. Methodologically, the 

study employs a combination of unigram bigram TF-IDF and linear SVM optimized via grid search, yielding 

higher accuracy compared to simpler models used in prior studies. The research procedures are also more 

comprehensive, involving structured manual labeling, evaluation using platform-specific confusion matrices, and 

comparative analysis of model performance. The novelty of this study lies in its multi-platform approach, separated 
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data workflows for each medium, and in-depth exploration of inter-platform differences in public perception as a 

foundation for designing more effective policy communication strategies. 

2. RESEARCH METHODOLOGY 

 The research stages employed in this study are structured based on the research workflow illustrated in Figure 1. 

 

Figure 1. Research Method Flow 

The research methodology in this study consists of several sequential stages. The first stage is data crawling, 

in which public comments related to the Indonesian capital relocation issue are collected from three social media 

platforms, namely X, TikTok, and Instagram. Data were obtained using keyword-based crawling techniques and 

collected up to March 2025, resulting in approximately 2,000 comments from each platform or around 6,000 

comments in total. 

The second stage is data labelling, where each collected comment is manually annotated into three 

sentiment categories: positive, negative, and neutral. Manual labelling was conducted to ensure labeling accuracy 

and to provide reliable ground truth data for supervised learning.  

The third stage is data preprocessing, which aims to clean and normalize the raw text data. This stage 

includes data cleaning to remove URLs, mentions, hashtags, emojis, and non-alphabetic characters, followed by 

case folding to convert all text into lowercase. Tokenization is then performed to split text into individual word 

units, stopword removal is applied using the Indonesian stopword list, and stemming is conducted using the 

Sastrawi algorithm to convert words into their root forms. 

The fourth stage is feature extraction, where the preprocessed text data are transformed into numerical 

representations using the Term Frequency–Inverse Document Frequency method with unigram and bigram 

features. This process assigns weights to words based on their frequency and importance within the dataset. 

Support Vector Machine was selected in this study because previous research confirms its stable and superior 

performance compared to Logistic Regression and Naïve Bayes in sentiment classification tasks on social media 

data [16]. The fifth stage is sentiment classification, where the extracted features are classified using the Support 

Vector Machine algorithm with a linear kernel. The dataset is divided into training and testing data using an 80:20 

split, and hyperparameter tuning is conducted using grid search to determine the optimal regularization parameter. 

The combination of TF-IDF feature weighting and Support Vector Machine classification is widely adopted in 

sentiment analysis studies on the IKN issue due to its robustness in handling textual variation and class imbalance 

[17]. The final stage is model evaluation, which assesses the performance of the classification model using 

accuracy, precision, recall, and F1-score metrics. Confusion matrices are also generated for each platform to 

analyze misclassification patterns and compare sentiment classification performance across X, TikTok, and 

Instagram. 

3. RESULT AND DISCUSSION 

3.1 Crawling Data Results 

This study collected public comments related to the Indonesian capital relocation issue from three major social 

media platforms, namely X, TikTok, and Instagram, which serve as important online spaces for public discussion 

and opinion expression regarding national development policies. These platforms were selected because of their 

high user engagement and their ability to represent diverse demographic backgrounds and communication styles. 

Data collection was conducted using automated crawling and scraping techniques to obtain large-scale textual data 

in a systematic and efficient manner. Specifically, Tweet Harvest was used to extract comments and replies from 

X, Apify was employed to retrieve user comments from TikTok videos discussing the capital relocation issue, and 

IG Comment Export tools were utilized to collect comment data from relevant Instagram posts. Through this 

process, a total of approximately 6,000 public comments were successfully gathered, with around 2,000 comments 

collected from each platform, ensuring balanced data distribution and reducing platform-specific bias in the 

dataset. 

The collected comments reflect a wide range of public opinions, attitudes, and emotional responses toward 

the Indonesian capital relocation policy, expressed through informal and unstructured language typical of social 

media communication. Proper preprocessing is essential to enhance data consistency, reduce ambiguity, and 

improve the performance of machine learning models used in this study. The results of the data crawling process 

from Instagram, X, and TikTok are presented in Figure 2, Figure 3, and Figure 4, respectively, to provide a visual 

overview of the volume and distribution of comments collected from each social media platform. 
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Figure 2. Crawling Data Results from Instagram 

 

 Figure 3. Crawling Data Results from TikTok 

 

Figure 4. Crawling Data Results from X 

3.2 Data Preprocessing Results 

The data preprocessing stage was conducted to reduce noise and standardize textual data obtained from social 

media platforms. This stage is essential to ensure that the text data are suitable for feature extraction and sentiment 

classification. The preprocessing process consisted of data cleaning, case folding, tokenization, stopword removal, 

and stemming. 

3.2.1 Data Cleaning 

The data cleaning process aimed to remove irrelevant elements from the raw text, such as URLs, user mentions, 

hashtags, emojis, numbers, and special characters that do not directly contribute to sentiment interpretation. By 

removing these unnecessary elements, the cleaning process ensured that only meaningful and relevant textual 

information remained, thereby improving data quality and facilitating more accurate. An example of the data 

cleaning results for Instagram, X, and TikTok comments is shown in Figures 5, 6, and 7. 
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Figure 5. Data Cleaning Results of Instagram 

 

Figure 6. Data Cleaning Results of X 

 

Figure 7. Data Cleaning Results of TikTok 

3.2.2 Case Folding 

Case folding was applied to convert all characters in the text into lowercase format to standardize textual data 

across all samples. This process ensured consistency in word representation and minimized variations caused by 

differences in letter capitalization, which could otherwise lead to redundant or fragmented features during analysis. 

By unifying word forms regardless of their original case, case folding helped prevent unnecessary duplication of 

features and contributed to a more reliable and efficient feature extraction process, thereby supporting improved 

performance in subsequent sentiment classification tasks. The results of the case folding process applied to 

Instagram, X, and TikTok comments data are shown in Figures 8, 9, and 10. 

 

Figure 8. Case Folding Results of Instagram 
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Figure 9. Case Folding Results of X 

 

Figure 10. Case Folding Results of TikTok 

3.2.3 Tokenization 

Tokenization divided the cleaned text into individual tokens or words by segmenting continuous text sequences 

into discrete and meaningful linguistic units. This process transformed unstructured textual data into a structured 

format that could be effectively processed by machine learning algorithms. By enabling the model to analyze text 

at the word level, tokenization made it possible to capture the frequency, distribution, and co-occurrence of terms 

across the dataset. 

As a result, important sentiment-related expressions, keywords, and contextual patterns could be more 

clearly identified and analyzed, allowing the model to better capture variations in opinion and emotional tone 

across different comments. Furthermore, tokenization served as a crucial foundation for subsequent text 

representation and feature extraction techniques, such as term weighting and vectorization, which play an essential 

role in improving the performance and accuracy of sentiment classification models. The results of the tokenization 

process for comments data from platform X, TikTok, and Instagram are presented in Figures 11, 12, and 13. 

 

Figure 11. Tokenization Results of X 
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Figure 12. Tokenization Results of TikTok 

 

Figure 13. Tokenization Results of Instagram 

3.2.4 Stopword Removal 

Stopword removal was performed to eliminate commonly used words that carry little semantic value, such as 

conjunctions and prepositions. Removing stopwords reduced dimensionality and improved computational 

efficiency without significantly affecting sentiment-related information. Figures 14,15, and 16 shows the results 

of the stopword removal process for Instagram, X, and TikTok comments data. 

 

Figure 14. Stopword Removal Results of Instagram 

 

Figure 15. Stopword Removal Results of X 
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Figure 16. Stopword Removal Results of TikTok 

3.2.5 Stemming 

Stemming was applied using the Sastrawi algorithm to convert words into their root forms by removing affixes. 

This process reduced linguistic variations in Indonesian words and helped unify similar terms into a single 

representation, which improved classification performance. Figures 17, 18, and 19 presents the stemming results 

for Instagram, X, and TikTok comments data using the Sastrawi algorithm. 

 

Figure 17. Stemming Results of Instagram 

 

Figure 18. Stemming Results of X 

 

Figure 19. Stemming Results of TikTok 

3.3 Feature Extraction and Classification Results 

After preprocessing, the cleaned text data were transformed into numerical features using the Term Frequency–

Inverse Document Frequency method. This technique assigns weights to words based on their frequency within 

individual documents and their distribution across the dataset, enabling the model to capture important terms 
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related to public sentiment on the capital relocation issue. The extracted TF-IDF features were then used as input 

for the sentiment classification process using the Support Vector Machine algorithm with a linear kernel. The 

dataset was divided into training and testing sets using an 80:20 split. Hyperparameter tuning was performed using 

grid search to determine the optimal regularization parameter, ensuring optimal model performance. The 

classification results demonstrate that the Support Vector Machine model is capable of effectively distinguishing 

sentiment categories across all three platforms, despite differences in language style and content characteristics. 

3.4 Evaluation and Discussion of Results 

The sentiment distribution for each social media platform based on the classification results is shown in Figure 20 

and Figure 21 illustrates the comparison of sentiment distribution across X, TikTok, and Instagram using a bar 

chart. 

 

Figure 20. Distribution of sentiment for each platform using a pie chart. 

 

Figure 21. Image of sentiment distribution for each platform using a bar chart 

3.4 Evaluation and Discussion of Results 

Model evaluation shows that the Support Vector Machine achieved an accuracy of 90.23% with a macro F1-score 

of 0.8905, indicating strong classification performance. The accuracy obtained in this study is consistent with 

previous sentiment analysis research on the Indonesian capital relocation using Support Vector Machine, which 

also reported high classification performance on Twitter data [18]. The confusion matrix analysis reveals that the 

model performs better in identifying positive sentiment compared to negative sentiment, which is partly influenced 

by the imbalance in sentiment distribution within the dataset. Sentiment distribution analysis indicates platform-

specific differences. Instagram and TikTok exhibit predominantly positive sentiment, reflecting the visual and 

emotional nature of these platforms, while X shows a higher proportion of negative sentiment, consistent with its 

role as a space for critical political discourse. These findings confirm that user demographics, platform culture, 

and content formats significantly influence how public opinions are expressed [20]. The results also demonstrate 

that the TF-IDF-based Support Vector Machine approach outperforms several traditional classification methods 

reported in previous studies, reinforcing its suitability for sentiment analysis related to public policy issues [21]. 

However, limitations such as data imbalance and the exclusion of comparative algorithms suggest the need for 

further research to improve robustness and generalizability. The evaluation results of the classification model using 

a confusion matrix are presented in Figure 22 and Figure 23 shows the classification report generated from the 

Support Vector Machine model used in this study. 

Furthermore, the observed performance differences across sentiment classes highlight important 

methodological implications for future sentiment analysis studies. The relatively lower performance in identifying 

negative sentiment suggests that negative expressions may be more linguistically diverse, implicit, or context-

dependent, making them more challenging for the model to classify accurately. This issue is commonly 

encountered in social media-based sentiment analysis, where sarcasm, irony, and ambiguous language frequently 

appear, particularly in political discussions. Addressing this challenge may require the incorporation of advanced 
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preprocessing techniques, sentiment lexicons, or class-balancing strategies to improve minority class 

representation. Additionally, integrating semantic-based feature representations or comparing the Support Vector 

Machine with other machine learning and deep learning approaches could provide further insights into model 

robustness and performance trade-offs. From a practical perspective, the findings of this study demonstrate that 

sentiment analysis can serve as an effective tool for policymakers to monitor public responses to major national 

policies in near real time, enabling more informed decision-making and public communication strategies. Overall, 

this study contributes empirical evidence supporting the effectiveness of TF-IDF-based Support Vector Machine 

models for analyzing public sentiment on policy-related issues across multiple social media platforms. 

 

Figure 22. Confusion Matrix of SVM 

 

Figure 23. Classification Report from SVM Model 

4. CONCLUSION 

This study concludes that the Support Vector Machine algorithm is effective and reliable for classifying public 

sentiment regarding the relocation of Indonesia’s capital across X, TikTok, and Instagram. The results show that 

sentiment tends to be more positive on visually oriented platforms such as Instagram and TikTok, while X exhibits 

a higher proportion of critical opinions, reflecting differences in user characteristics and platform culture. Unlike 

earlier studies that focused on comparing multiple classifiers such as Naïve Bayes and K-Nearest Neighbor on 

platform X, this research emphasizes cross-platform sentiment analysis using Support Vector Machine as the 

primary classifier [19]. Text preprocessing and feature extraction using the Term FrequencyInverse Document 

Frequency method successfully supported sentiment classification, although data imbalance affected performance 

in minority sentiment classes. Despite achieving satisfactory accuracy, this study is limited by imbalanced data, a 

restricted collection period, and the use of a single classification method, indicating the need for future research 

with larger datasets, comparative algorithms, and broader policy topics. 
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