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Abstract: Indonesia's Economic Acceleration Program 2025 is a government policy to accelerate
national economic growth in response to the global economic slowdown. The implementation of this
program has generated a variety of public responses on social media. This study aims to analyze
public sentiment towards the Indonesian Economic Acceleration Program in the launch and
implementation phases and identify differences in sentiment distribution in both phases. Data in the
form of TikTok comments was collected through web scraping, then processed through
preprocessing, lexicon-based sentiment labeling validated using manually labeled samples, TF-IDF
feature representation, and classification using the Support Vector Machine. Model evaluation was
carried out using 10-fold cross validation. The results of the study showed that SVM provided
superior performance to the comparison model. In the launch phase, SVM achieved an accuracy of
81%, while in the implementation phase it achieved an accuracy of 79.5% with superior performance
in all evaluation metrics. The distribution of sentiment in the launch phase was dominated by neutral
sentiment by 67.1%, while in the implementation phase the proportion of negative sentiment
increased to 46.38%. These results show that there is a difference in the distribution of sentiment
between the launch and implementation phases, so that it can be an input in understanding the
public's response to the Indonesian Economic Acceleration Program.

Keywords: Sentiment Analysis, Support Vector Machine, TF-IDF, Temporal Analysis, Public
Policy

1. Introduction

The development of technology and communication today has brought significant changes in
the political field, one of which is the use of social media that allows people to express opinions,
criticisms, and support for a policy [1]. According to data from global digital research institutes,
since January 2024 it shows that the number of social media users in the world has exceeded 5
billion [2]. Indonesia is one of the countries with the largest number of internet users in the
world, which is more than 185 million users, of which around 139 million or 66.5% of them
are active users of social media [3].

The high participation of the public in the digital space has resulted in various public opinions
expressed in comments, uploads, reviews, and online discussions [4]. The collection of opinions
describes public perceptions of various issues, services, and public policies [5]. Therefore,
public policy not only affects social and economic conditions, but also directly affects public
perception of the government [6]. Public perception is an important aspect in public policy
evaluation, because it can reflect the level of acceptance, trust, and effectiveness of the policies
that have been implemented [7].
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On September 15, 2025, the Government of Indonesia through the Coordinating minister for
Economic Affairs has launched a policy package known as the Indonesian Economic
Acceleration Program or the 2025 Stimulus Package [8]. An acceleration program is a policy
designed to accelerate the achievement of a goal in a shorter time than a regular program [9].
This program is present as a response to the global economic slowdown caused by geopolitical
tensions, suppressing the openness of international trade, and the slowdown in cross-border
trade which has an impact on declining export demand [10]. In addition, the occurrence of
global inflation which shows an estimate of around 3.5% in 2024 and 2.9% in 2025 reflects
continued price pressures in various countries [11], [12]. This condition has the potential to
suppress international trade and weaken the economic recovery of various countries [13].

The Indonesian Economic Acceleration Program consists of eight policy aspects involving
various economic sectors and is implemented gradually according to the readiness of each
program [8]. Some policies will begin to be implemented in 2025, while other policies will be
implemented in 2026 [8]. The division of implementation stages provides space for the
government to evaluate the effectiveness of each policy before the entire program is
implemented. In addition, the implementation that takes place gradually allows for a change in
public perception in line with their experience in feeling the impact of policies. Therefore,
sentiment analysis in the launch phase and implementation phase is important to understand the
dynamics of changes in public opinion towards the Indonesian Economic Acceleration
Program.

The implementation of the Indonesian Economic Acceleration Program has generated various
public responses spread through social media. The difference in the level of digital literacy and
the public's experience in receiving policy benefits has led to the emergence of diverse
perceptions of the program [14], [15]. However, the policy evaluation carried out so far is still
more focused on administrative indicators, such as budget absorption and the number of
beneficiaries, while perception, satisfaction, and the level of public trust have not been the focus
in policy evaluation [16]. In fact, these aspects are important regarding public acceptance and
the sustainability of the implementation of a public policy.

Therefore, to deal with these challenges, an analytical approach is needed that is able to process
public perception data on social media. The sentiment analysis approach with machine learning
is a relevant solution because it is able to automatically process large amounts of text data so
that the analysis process becomes more efficient [17]. This method can recognize complex and
difficult to analyze patterns of public sentiment through manual observation [18]. With this
ability, sentiment analysis can provide an overview of the tendency of public opinion towards
a policy so that it can be considered in the policy evaluation process.

One of the algorithms Machine Learning widely used in sentiment analysis is the Support
Vector Machine (SVM), as it has proven to be effective in classifying text data [19]. SVMs
have a good ability to handle high-dimensional data, such as text data represented using TF-
IDF [20]. This algorithm works by determining the optimal separator boundaries to differentiate
each sentiment class [21]. In addition, SVM has good generalization ability and is relatively
resistant to Overfitting in small to medium-sized datasets, which are commonly found in
opinion data on social media [22]. Use of functions kernel also allows SVM to recognize more
complex patterns in text data thereby improving classification results [20]. These characteristics
make SVM suitable for classifying public sentiment towards the Indonesian Economic
Acceleration Program based on comments on social media.

A number of previous studies have shown that the SVM algorithm performs well in text-based
sentiment analysis. One of them is a study that analyzes public sentiment towards the Advanced
Indonesia Cabinet using Twitter data by comparing SVM and Naive Bayes algorithms. The
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results showed that the SVM algorithm obtained an accuracy of 89.60%, higher than Naive
Bayes which obtained an accuracy of 85.74%, so that SVM was considered more effective in
classifying text-based sentiments [23]. Another study also analyzed public sentiment on the
issue of the DPR's right to inquiry related to the 2024 election using Twitter data with SVM
algorithm and TF-IDF weighting. The results showed that the SVM model obtained 77%
accuracy in classifying positive and negative sentiments. The findings show that SVM has
adequate ability to identify public opinion on government policy issues that are developing on
social media [24].

Another study analyzed public sentiment towards the Public Housing Savings (Tapera) policy
using tweet data obtained from platform X. SVM and Naive Bayes by implementing SMOTE to
address data imbalances. The results of the study show that public sentiment tends to be
dominated by negative sentiment towards Tapera's policies. Moreover, the SVM algorithm
produces better performance after SMOTE implementation with the highest accuracy of 93%,
whereas Naive Bayes Achieved an accuracy of 89% [25].

Based on these studies, the SVM algorithm has shown good performance in classifying public
sentiment towards various government policies. However, most studies still evaluate policy
sentiment at a certain time, so it has not been able to explain how public perception develops
as policy implementation takes place. As a result, the dynamics of changing public opinion at
various stages of policy have not been widely researched. In addition, research on the 2025
Indonesian Economic Acceleration Program that compares public sentiment between the
launch phase and the implementation phase is still very limited.

Therefore, this study analyzes public sentiment towards the 2025 Indonesian Economic
Acceleration Program by comparing public perception in the launch phase and the policy
implementation phase using the SVM algorithm. In contrast to previous studies that generally
evaluated sentiment over a specific period of time, this study observed changes in public
opinion trends at the time of program launch and during the implementation phase, thus
providing an overview of the dynamics of public response to policies over time. The results of
the research obtained are expected to provide benefits in social media-based sentiment analysis
as one of the supporting approaches to evaluate government policies in a sustainable manner.

2.Methods

A. Data Description

The data used in this study is secondary data in the form of user comments on TikTok social
media that discuss the 2025 Indonesian Economic Acceleration Program. The data was divided
into two groups based on the time of data collection, namely the launch phase and the program
implementation phase, to illustrate the distribution of public sentiment in each policy phase.
Data on the launch phase was collected from uploads published on September 18, 2025 through
several official accounts, namely IDX Channel Official, Liputan6, Ministry, and Official
iNews, with a total of 4,000 comments. Meanwhile, data in the implementation phase was
collected from official account uploads discussing the implementation of the 2025 Indonesian
Economic Acceleration Program, including KompasTV, the Indonesian Ministry of
Agriculture, and MetroTV, with a total of 4,000 comments.

Data collection in the implementation phase began after one of the programs in the 2025
Indonesian Economic Acceleration Program began to be implemented on September 20, 2025.
Thus, the dataset in the implementation phase represents the community's response to the
implementation of the policy in that period, while the dataset in the launch phase represents the
community's response at the time the policy was announced. A comparison of the two phases
was carried out to provide an overview of the difference in sentiment distribution in the two
observation periods
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B. Research Methods and Evaluation

1. Research Stages

This research was carried out through several main stages, namely data collection, text
preprocessing, sampling, data labeling, feature extraction, modeling, and model evaluation.
The overall research flow is shown in figure 1.

! Data Preparation

Launch Phase Sample Label Feature

|| Data Scrapin ; I_.| i I,,

| pine DataPreprocessing Labeling Selection | | Validation ™ Extraction
Implementation

[ Sentiment Distribution Analysis [

Launch Phase Impl. ation
I Modeling I
|
v [ 2 v
SVM | | Random Forest | | Naive Bayes | | KNN | | Neural Network | | Decision Tree
i | Comparison |
Baseline e Models
I Model Evaluation |

| Analysis Results |

Figure 1. Research Stages

Figure 1 shows the research flow that began with data collection through web scraping of
TikTok users' comments regarding the 2025 Indonesian Economic Acceleration Program. The
dataset is separated into the launch phase and implementation phase, then text preprocessing is
carried out which includes cleaning, case folding, word normalization, tokenization, stopword
removal, and stemming. Furthermore, each comment is labeled using a lexicon-based approach.
To evaluate the reliability of labeling, samples were determined using the Slovin formula with
an error rate of 5%, then manual labeling was carried out by one annotator based on sentiment
polarity guidelines. The results of manual labeling are compared with lexicon-based labeling
to measure their suitability. After that, the data was represented using TF-IDF as a feature
extraction technique, followed by the analysis of the sentiment distribution in both phases and
the development of a classification model using SVM. Model performance was evaluated using
accuracy, precision, recall, and F1-score metrics.

2. Data Preprocessing

The data that has been collected then goes through the Text Preprocessing which includes
cleaning, case folding, word normalization, tokenization, stopword removal, and Vote. At the
stage Cleaning, URL, Mention, Hashtag, emojis, symbols, excess punctuation, and numbers
removed to reduce Noise. Especially in the implementation phase dataset, the figure is still
maintained because it is related to one of the programs in the 2025 Indonesian Economic
Acceleration Program, so it has the potential to affect sentiment analysis. Furthermore, the
entire text is lowercase to maintain consistency of the feature representation at the TF-IDF
extraction stage. Thus, capital letters and non-capitals are not considered as two distinct features
by the model [26]. The next stage is the normalization of words by converting non-standard
words into standard words using a dictionary containing about 15,500 word pairs arranged in
an Excel file. After that it is done Tokenization Using the Whitespace Based Tokenization,
which is appropriate because the text has gone through a process of cleanup and normalization
so that each word separated by spaces can be considered a single token [27]. Furthermore, words
that do not contribute to the meaning of the sentiment are removed using Library Literature,
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then carried out Vote Using Library the same to change the adjective word into its basic form
so that the variation of the word with the same meaning is represented as a single feature [28].

3. Data Labeling

In this study, sentiment labeling was carried out using the lexicon-based with three categories,
namely positive, negative, and neutral. The use of three classes was chosen because comments
on public policy not only contain support or rejection, but also contain a lot of questions and
information that do not clearly show sentimental tendencies. To evaluate the reliability of
labeling results lexicon-based, the number of samples is determined using the Slovin formula
with an error rate of 5%, then selected using stratified random sampling so that each sentiment
class is still represented. The launch phase consisted of 361 samples consisting of 101 negative
comments, 243 neutral, and 17 positive, as well as 363 samples in the implementation phase
consisting of 150 negative, 150 neutral, and 63 positive comments. The entire sample was then
manually labeled by one independent annotator who was unaware of the labeling results
Lexicon based. To maintain the consistency of the annotation process, the researcher developed
labeling guidelines based on the concept Sentiment polarity, i.e. positive for comments that
contain support or appreciation, negative for comments that contain criticism or rejection, and
neutral for comments that are questionable or do not contain clear sentimental tendencies [29].
Table 1 presents the concept of polarity sentiment for manual sample labeling.

Table 1. Manual Labeling Concept
Label Criteria
Stating a helpful or helpful policy
Provide support or approval
Saying Thank You
Containing hope
Showing satisfaction
Criticizing policy implementation
Declaring the policy ineffective
Expressing disappointment
Contains sarcasm or sarcasm
Mention the incompatibility between theory and practice
In the form of questions
Informative
Not showing support or rejection
Contains no emotional evaluation

Positive

Negatives

Neutral

PLONMNRPRORRONMNRPO~MWNPR

4. Feature Extraction

At this stage, the text that has gone through the preprocessing process is converted into
numerical form using the TF-IDF method. Numerical representation is performed on each
training data within each fold cross validation before use, to classify the test data.

5. Model Support Vector Machine

In this study, SVM was used to classify comments into three sentiment classes, namely positive,
negative, and neutral. Since SVM is essentially a binary classification algorithm, multiclass
classification is carried out using the One vs Rest (OVR) strategy. The model was implemented
using LinearSVC with parameter C with a value of 1.0 and class weight to overcome the
imbalance of the amount of data in each sentiment class, while the other parameters used from
the scikit-learn library.
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f(xX)=w.x+b (@)
In Equation 1, w is the weight vector, X is the input feature vector, while b is the bias value [30].

6. Model Evaluation

Model evaluation was carried out using stratified 10-fold cross validation. In each fold, the TF-
IDF feature formation process is used for evaluation. The accuracy, precision, recall, and F1-
score values are calculated on each fold, then averaged as the final performance of the model.
The calculation of evaluation metrics is based on the components of the Confusion Matrix,
namely True Positive (TP), True Negative (TN), False Positive (FP), and False Negative (FN).

TP+TN
TP+TN+FP+FN

)

Accuracy =

Equation 2, TP is the number of correct predictions for the positive class, TN is the number of
correct predictions for the negative class. Meanwhile, FP is a class that actually does not belong

to the positive class, FN is a class that actually does not belong to the negative class.

Precision = e 3
recision = TP + FP 3)

Equation 3 TP is the number of correct predictions for the positive class, while FP is the actual
class that does not belong to the positive class. Accuracy used to measure the degree of accuracy
of a model in predicting a sentiment class [31].

TP
TP+FN

Recall = 4)
Equation 4 TP is the sum of the correct predictions for the positive class, FN The actual class

does not include the negative class. Recall is used to measure the model's ability to identify all
the data that actually belongs to a sentiment class [31].

recision x recall
F1— Score = 2x & 5)

precision+recall

Equation 5 F1 Score is the harmonic mean between Accuracy and Recall which is used to
evaluate the balance between prediction accuracy and the model's ability to identify all relevant
data [31].

3. Results and Discussion
A. Data Analysis Results

The preprocessing results showed that from each of the 4,000 comments collected in each
phase, 3,623 net data were obtained in the launch phase and 3,855 net data in the
implementation phase. The number of data eliminated in the launch phase was higher because
139 duplicate data and 238 data with empty strings were found, while in the implementation
phase there were only 70 duplicate data and 75 data with empty strings. The results of data
preprocessing are presented in table 2.
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Table 2. Data Prepocessing Results

Phase Remarks Quantity
Raw Data 4000
Duplicate 139
Launch Empty variable 0
Empty String 238
Total Net Data 3.623
Raw Data 4000
Duplicate 70
Implementation Empty Variables 0
Empty string 75
Total Net Data 3.855

B. Label Validation

The results of the calculation using the confusion matrix showed that lexicon-based labeling
had a degree of suitability as shown by an accuracy value of 80% in 361 sample data in the
launch phase and 82% in 363 sample data in the implementation phase. These results showed
that most of the labels produced with lexicon-based were consistent with the results of manual
labeling.

C. Sentiment Distribution

The results of the sentiment distribution analysis showed a shift in public sentiment between
the launch phase and the implementation phase. The results of the launch phase were dominated
by neutral sentiment, while in the implementation phase it was dominated by negative
sentiment. The results of this study are presented in figure 2.
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Figure 2. Results of the Second Phase of Sentiment Distribution

Figure 2 shows that in the launch phase, sentiment was dominated by neutral sentiment of
67.1%, followed by negative sentiment of 27.8%, and positive sentiment of 5.1%. The
dominance of neutral sentiment shows that at the launch stage, most of the comments are still
in the form of informative responses, such as opinions, expectations, and questions related to
the announced program. On the other hand, in the implementation phase, there was a change in
sentiment distribution, namely negative sentiment increased to 46.38% and positive sentiment
increased to 20.39%, while neutral sentiment decreased to 33.23%. These results show that
public comments in the implementation phase are more diverse than in the launch phase. An
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increase in negative sentiment indicates that more comments contain negative criticism or
judgment, while an increase in positive sentiment indicates an increase in comments containing
support or appreciation for the program. These results are also supported by the word frequency
analysis presented in Figure 3.

e st I R,
E mending diskon listrik b+ E  penuh syarat paahal 0
E 9
] 5
— S [
ER—— [ oo NI ¢
ada vpis ketenagakersan I 1© sic o merah I °
Ltahun et | ] ahun s | ]
s etenaga pekeriaan | 9 wup up{ 8
car e susa § E mau va{ 8
bawah 10 ta | F tombol batalidak { 8
token listrik pak { 8 lubus 2 tabun { 7
o 5 10 15 20 5 0 35 o 0 20 0 “« 50
Frequency Frequency

Figure 3. Word Frequency (a) the launch phase and (b) the implementation phase.

Figure 3(a) shows that in the launch phase the discussion was dominated by words related to
the requirements of beneficiaries and the mechanism of the Indonesian Economic Acceleration
Program, such as "Punya BPJS Ketenagakerjaan", "lbu rumah tangga", and "tidak punya
BPJS". In addition, the appearance of phrases such as "mending subsidi listrik™ and "mending
diskon listrik™ indicates that there are comments that compare the program with other forms of
assistance. This result is in line with the distribution of sentiment that was still dominated by
the neutral class in the launch phase.

Figure 3(b) shows that in the implementation phase, the discussion shifted to the aspect of
program implementation. The dominant words, such as "tidak penuh syarat”, "slik OJK merah",
and "dibawah 10 juta ", indicate that the comments are more about administrative requirements
and the mechanism for implementing the program. This shift in the topic of discussion is in line
with the distribution of sentiments that became more diverse in the implementation phase,
marked by an increase in negative and positive sentiments.

D. Model Performance Evaluation

The results of the evaluation showed that SVM performed in the launch phase with an accuracy
of 81%. Meanwhile, in the implementation phase of the SVM model it also showed an accuracy
of 79.5%. The results of the performance evaluation of all models are presented in detail in

Table 3.

Table 3. Model Performance Results

Phase Models Accuracy Accuracy Recall F1 Score

Launch Phase SVM 81% 68,9% 69,3% 68,9%
NN 79,3% 68,1% 63,8% 65,4%

Random Forest 80% 74,6% 55,7% 58,5%

Decision Tree 73,2% 58,6% 62,1% 59,9%

Naive Bayes 74,9% 51,1% 44.5% 44,8%

KNN 67,7% 60,4% 36,5% 33,3%

Implementation Phase SVM 79,5% 77,9% 78,1% 77,9%
NN 78,1% 7% 76,6% 76,7%
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Random Forest 76,6% 75,8% 73,5% 74,2%
Decision Tree 72,8% 70,8% 71,2% 70,8%
Naive Bayes 61,1% 66,2% 54,3% 55,5%
KNN 46% 58,7% 45% 42,3%

Based on Table 3, in the launch phase SVM obtained the best performance with an accuracy of
81%, precision of 68.9%, recall of 69.3%, and an F1-score of 68.9%. In the implementation
phase, SVM again showed the best performance with an accuracy of 79.5%, precision of 77.9%,
recall of 78.1%, and an F1-score of 77.9%. These results show that SVM provides the most
consistent classification performance compared to the comparative model in both phases of the
study. The results of the evaluation were then strengthened through the Confusion Matrix
presented in Figure 4.
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Figure 4. Confusion Matrix (a) the launch phase and (b) the implementation phase.

Figure 4(a) shows the results of the SVM model classification in the launch phase. Most of the
data was correctly classified in all three sentiment classes, with the most correct predictions in
the neutral class. Misclassification is still dominated by the exchange of predictions between
negative and neutral classes, while errors between negative and positive classes are relatively
few. These results show that the model is able to distinguish between the three classes of
sentiment, although there are still characteristic similarities between the negative and neutral
classes.

Figure 4(b) shows that in the implementation phase the model also managed to correctly classify
most of the data in all three classes of sentiment. The pattern of misclassification remains
dominated by the exchange of predictions between negative and neutral classes, followed by
the exchange between neutral and positive classes, while the error between negative and
positive classes is relatively lower. Overall, the model maintains good classification
performance on the implementation data.

The results of this study are in line with the research of Purnomo and Septiana, which showed
that SVM provides better classification performance than the comparative model in text-based
sentiment analysis [32], [33]. In this study, SVM also showed the best performance in the
launch and implementation phases based on all evaluation metrics, indicating its ability to
classify sentiment consistently in both research phases. Meanwhile, the results of this study are
different from those of Afandy and Parjito who reported SVM accuracy of 94.12%. These
differences are influenced by data characteristics, social media platforms, class distribution, and
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different research contexts [34]. This study uses TikTok comments that tend to be more diverse
in informal language use and writing variations than Twitter data.

Overall, the results show that SVM performance is a model that is superior in both research
phases from other comparative models. These results indicate that model evaluation is not
enough based on accuracy alone, but also needs to consider precision, recall, and F1-score,
especially on social media data with an unbalanced distribution of classes. In addition, the two-
phase approach provides an overview of the differences in sentiment distribution at the stage of
launching and implementing the Indonesian Economic Acceleration Program. However, these
differences only describe patterns in the data analyzed and cannot be interpreted as a direct
impact of policy implementation because it is still possible to be influenced by other factors,
such as the timing of data collection, the context of the upload, and the characteristics of the
audience.

4. Conclusions

Overall, the results of the study show that there is a difference in sentiment distribution in the
two phases, namely neutral sentiment dominates in the launch phase, while in the
implementation phase the sentiment distribution is dominated by negative sentiment. In terms
of classification performance, SVM provides superior performance compared to other
comparison models, so it is effectively used for multi-class sentiment classification on TikTok
comment data represented using TF-IDF. However, the difference in sentiment distribution
only describes the pattern in the analyzed data and cannot be interpreted as a direct impact of
policy implementation. This study has several limitations, namely the use of data that only
comes from TikTok, the difference in upload sources in the two phases, and sentiment labeling
that still uses a lexicon-based approach with manual validation by one annotator. Therefore,
further research is recommended to utilize data from various social media platforms, involve
more than one annotator, and explore the representation of features and models based on deep
learning to improve the performance of sentiment classification.
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