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Abstract 
This study aims to analyze public sentiment toward the procurement of electric motorcycles within the Nutritional 
Service Fulfillment Unit/ Satuan Pelayanan Pemenuhan Gizi (SPPG) program in Indonesia by utilizing data from 
Instagram. The approach employed is a deep learning-based sentiment analysis using the IndoBERT model, which 
has been fine-tuned to classify data into positive, negative, and neutral categories. The research stages include data 
collection, preprocessing, labeling, model development, and model evaluation using accuracy, precision, recall, 
and F1-score metrics. The results indicate that public sentiment is predominantly negative at 80%, followed by 
positive sentiment at 15% and neutral sentiment at 5%. Further analysis reveals that negative sentiment is primarily 
driven by issues related to budget prioritization, infrastructure readiness, and policy effectiveness, while positive 
sentiment is associated with environmental benefits and improved service distribution efficiency. The model 
evaluation demonstrates that IndoBERT achieves high performance, with an accuracy of 0.89, precision of 0.88, 
recall of 0.90, and F1-score of 0.89. These findings indicate that IndoBERT is effective in capturing the contextual 
nuances of the Indonesian language in unstructured social media data. This study contributes to the advancement 
of transformer-based sentiment analysis methods and provides data-driven insights to support more responsive and 
evidence-based policymaking. 
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Introduction 

The development of electric vehicle 
technology in recent years has demonstrated a 
significant upward trend as part of global efforts 
to achieve sustainable transportation and reduce 
carbon emissions. In Indonesia, the government 

has actively promoted the adoption of electric 
vehicles, including electric motorcycles, 
through various strategic policies and 
implementation programs. One notable 
initiative is the procurement of electric 
motorcycles to support the operations of 
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Nutritional Service Fulfillment Units/ Satuan 
Pelayanan Pemenuhan Gizi (SPPG) across 
multiple regions in Indonesia [1]. This program 
not only contributes to improving the efficiency 
of nutritional service distribution to the 
community but also represents a broader 
transformation toward a more modern and 
environmentally friendly public service system. 

However, the implementation of this policy 
is accompanied by diverse public perceptions. 
On the one hand, the public has expressed 
positive responses toward the use of electric 
motorcycles, which are considered energy-
efficient, environmentally friendly, and aligned 
with sustainable development goals [2]. On the 
other hand, negative sentiments have also 
emerged, particularly concerning issues such as 
limited charging infrastructure, vehicle 
durability, procurement costs, and policy 
transparency and effectiveness [3]. This 
polarization of public opinion highlights the 
need for systematic and data-driven analysis, as 
public acceptance plays a crucial role in 
determining the success of policy 
implementation. 

In the digital era, social media has become 
a primary platform for individuals to express 
opinions, perceptions, and reactions to public 
policies. Instagram, as one of the most widely 
used platforms in Indonesia, provides rich, 
dynamic, and real-time data that reflects public 
opinion [4]. Therefore, leveraging Instagram 
data for sentiment analysis presents a relevant 
and effective approach to understanding public 
perception more comprehensively. Such 
analysis enables the identification of sentiment 
patterns positive, negative, and neutral 
regarding the procurement of electric 
motorcycles within the SPPG program. 

With the advancement of technology, 
sentiment analysis approaches have evolved 
from conventional machine learning methods to 
deep learning-based techniques, particularly 
those utilizing transformer architectures. 
IndoBERT, a pre-trained language model 
specifically designed for the Indonesian 
language, has demonstrated superior 
performance in capturing linguistic and 
semantic context [5]. Compared to traditional 
approaches, IndoBERT is capable of 
understanding contextual meaning more 
effectively, thereby improving sentiment 
classification accuracy. Nevertheless, studies 
that specifically investigate the use of 
IndoBERT for analyzing public sentiment 
toward electric motorcycle procurement within 
the context of nutritional service programs 
remain limited [4]. 

This limitation indicates a research gap, 
particularly in integrating deep learning-based 
sentiment analysis with public policy contexts 
in the nutritional service sector, as well as in 
utilizing Instagram as the primary data source 
for such analysis. Accordingly, this study 
proposes an IndoBERT-based sentiment 
analysis approach to examine public 
perceptions of electric motorcycle procurement 
in Indonesia’s SPPG program. The objectives 
of this study are to identify and classify public 
sentiment based on Instagram data, analyze the 
distribution of sentiment across different 
regions, and evaluate the effectiveness of the 
IndoBERT model in understanding public 
opinion within this context. Furthermore, this 
study aims to provide data-driven insights that 
can support more responsive and evidence-
based policymaking [6]. 

The novelty of this research lies in the 
integration of IndoBERT for sentiment analysis 
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within the context of public policy related to 
nutritional services, the utilization of Instagram 
as a primary data source that is relatively 
underexplored compared to other platforms, 
and the focus on the specific issue of electric 
motorcycle procurement in the SPPG program, 
which has received limited attention in the 
existing literature [7]. Therefore, this study 
contributes not only to the advancement of deep 
learning-based sentiment analysis 
methodologies but also to a more 
comprehensive understanding of public opinion 
dynamics in the implementation of sustainable 
transportation policies in Indonesia. 

 
Method 

This study employs a quantitative approach 
based on deep learning to analyze public 
sentiment toward the procurement of electric 
motorcycles within the Nutritional Service 
Fulfillment Unit/ Satuan Pelayanan 
Pemenuhan Gizi  (SPPG) program in Indonesia. 
The data are collected from Instagram, which 
serves as a dynamic and real-time 
representation of public opinion. In general, the 
research workflow follows the architecture of 
pre-training and fine-tuning in the IndoBERT 
model, as illustrated in Figure 1. 
 
a. Research Stages 

The stages of this study are described as 
follows: 

 
1. Data Collection 

Data were collected from Instagram in the 
form of posts and comments containing 
relevant keywords such as “electric 
motorcycles,” “SPPG,” and “nutrition.” The 
data collection process was conducted using 
web scraping techniques while adhering to 

research ethics and platform privacy policies. 
The collected data were then filtered to ensure 
relevance to the research topic.  

 
2. Data Preprocessing 

This stage aims to improve data quality 
prior to analysis. The preprocessing steps 
include:  
• Cleaning: removing URLs, emojis, 

punctuation, and special characters  
• Case folding: converting all text into 

lowercase  
• Tokenization: splitting text into individual 

tokens  
• Stopword removal: eliminating non-

informative words  
• Stemming: reducing words to their base 

form  
 

3. Data Labeling 
The preprocessed data were annotated into 

three sentiment categories: 
• Positive  
• Negative  
• Neutral  

The labeling process was conducted 
manually by multiple annotators to ensure data 
quality. Additionally, inter-annotator 
agreement was applied to validate labeling 
consistency. 

 
4. Model Development 

The model used in this study is IndoBERT, 
which has been pre-trained on a large 
Indonesian language corpus. The following 
steps were performed:  
• Fine-tuning the model using the labeled 

dataset  
• Splitting the dataset into training and 

testing sets  
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• Adjusting model parameters to optimize 

classification performance  
 

5. Model Evaluation 
The model performance was evaluated 

using the following metrics: 
• Accuracy  

• Precision  
• Recall  
• F1-Score  

In addition, a confusion matrix was utilized 
to analyze the distribution of classification 
errors across sentiment classes. 

 

 
Figure 1. IndoBERT Architecture (Pre-training and Fine-tuning) 

 
Figure 1 illustrates the two main stages in 

the BERT architecture, namely pre-training 
and fine-tuning, which form the foundation of 
IndoBERT used in this study. In the pre-
training stage, the model is trained using two 
primary objectives: Masked Language 
Modeling (MLM) and Next Sentence Prediction 
(NSP). MLM enables the model to understand 
contextual word representations by predicting 
masked tokens within a sentence, while NSP 
helps the model learn relationships between 
sentence pairs. This stage produces rich 
semantic and contextual language 
representations [8]. 

In the fine-tuning stage, the pre-trained 
model is adapted to a specific downstream task, 
which in this study is sentiment classification. 
The labeled dataset obtained from 
preprocessing and annotation is used to train the 
model to classify text into sentiment categories 

[9]. The CLS token representation is utilized as 
the primary feature for classification. 

The relevance of Figure 1 in this study lies 
in demonstrating that IndoBERT is not trained 
from scratch but rather leverages a pre-trained 
model that is subsequently adapted to the 
specific research task. This approach 
significantly enhances model performance 
compared to conventional methods, particularly 
in capturing the complexity and variability of 
the Indonesian language, as commonly 
observed in social media data such as Instagram 
[10]. 

Overall, the workflow illustrated in Figure 
1 reinforces the proposed research 
methodology, particularly in explaining how 
textual data from social media are processed 
and classified using a transformer-based 
approach. 
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Result and Discussion 
This section presents the results of 

sentiment analysis on public responses to the 
procurement of electric motorcycles within the 
Nutritional Service Fulfillment Unit/ Satuan 
Pelayanan Pemenuhan Gizi (SPPG) program 
in Indonesia, based on data collected from 
Instagram. The analysis was conducted using 
the IndoBERT model, which had been fine-
tuned to classify sentiments into three 
categories: positive, negative, and neutral. The 
findings not only illustrate the quantitative 
distribution of sentiments but also reveal 
patterns of public opinion and the key factors 
influencing societal perceptions of the policy 
[11]. 

The discussion is systematically organized 
into three main aspects. First, the analysis of 
sentiment distribution aims to identify the 
general tendency of public opinion toward the 
procurement of electric motorcycles in the 
SPPG program. Second, the exploration of key 
issues influencing sentiment formation both 
positive and negative is conducted to 
understand the underlying factors shaping 
public perception. Third, the evaluation of the 
IndoBERT model’s performance is presented 
to assess the effectiveness of the deep learning 
approach in the context of social media-based 
opinion analysis [12]. 

Through this approach, the study is 
expected to provide not only empirical insights 
into the dynamics of public sentiment but also 
data-driven recommendations that can support 
more responsive policymaking. Additionally, 
it contributes methodologically by 
demonstrating the effectiveness of 
transformer-based models in sentiment 
analysis for the Indonesian language. 

 

a. Distribution and Patterns of Public 
Sentiment Toward Electric Motorcycle 
Procurement in the SPPG Program 
The analysis of sentiment distribution 

constitutes a crucial initial step in 
understanding public opinion trends regarding 
the procurement of electric motorcycles within 
the Nutritional Service Fulfillment Unit/ 
Satuan Pelayanan Pemenuhan Gizi (SPPG) 
program in Indonesia. Based on the 
classification results obtained using the fine-
tuned IndoBERT model, Instagram data reveal 
a highly dominant negative sentiment 
compared to positive and neutral sentiments 
[13]. This finding indicates that although the 
policy carries constructive objectives, public 
perception of its implementation remains 
largely critical. 

The predominance of negative sentiment 
reflects public dissatisfaction or concern, 
particularly regarding policy prioritization and 
budget allocation. This observation aligns with 
existing literature suggesting that public 
acceptance of policy initiatives is influenced 
not only by their intended goals but also by 
how society perceives their urgency and 
relevance relative to other pressing needs [14]. 

 
Table 1. Distribution of Public Sentiment 

Sentiment 
Category 

Number of 
Data 

Percentage 
(%) 

Positive 375 15% 
Negative 2,000 80% 
Neutral 125 5% 
Total 2,500 100% 

 
Table 1 shows that out of 2,500 analyzed 

data points, negative sentiment 
overwhelmingly dominates at 80%, while 
positive sentiment accounts for only 15%, and 
neutral sentiment comprises 5%. The 



 IndoBERT-Based Sentiment Analysis of Electric Motorcycle Policy in Indonesia Using Instagram… 

Jurnal Penelitian Sains Teknologi | p-ISSN: 1411-5174; e-ISSN: 2830-067X 
Vol. 2, No. 2, September 2026 | pp. 165-181 

170 
 

dominance of negative sentiment indicates a 
strong level of public resistance toward the 
electric motorcycle procurement policy within 
the SPPG program. 

The high proportion of negative sentiment 
suggests that the public is not only questioning 
the technical aspects of the policy but also its 
priority and urgency. In this context, people 
appear to compare this policy with other needs 
perceived as more urgent, such as 
improvements in educational services or direct 
social assistance [15]. This highlights that 
public perception is strongly influenced by 
broader socio-economic considerations. 

Meanwhile, the relatively low proportion 
of positive sentiment indicates that although 

some individuals support technological 
innovation and environmental sustainability, 
such support remains limited compared to the 
volume of criticism. The small percentage of 
neutral sentiment (5%) further suggests that 
most individuals hold clear and explicit 
opinions, either in support of or opposition to 
the policy, thereby intensifying the 
polarization of public opinion. 

This distribution implies that the success 
of policy implementation heavily depends on 
the government's ability to address public 
concerns, particularly those related to 
transparency, budget prioritization, and 
tangible societal impact. 

 

 
Figure 1. Sentiment Distribution Visualization 

 
Figure 1 reinforces the findings presented 

in Table 1 by providing a more intuitive visual 
representation of public sentiment distribution. 
The significantly taller bar representing 
negative sentiment highlights the substantial 
imbalance in public perception. Visually, the 
disparity between negative sentiment and the 

other categories clearly illustrates the high 
level of public dissatisfaction with the policy. 

The visualization also reveals a wide gap 
between positive and negative sentiment, 
indicating a lack of balance in public opinion. 
From a policy analysis perspective, this 
condition suggests that the policy has not yet 
achieved broad public acceptance and requires 
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further evaluation, particularly in terms of 
public communication and implementation 
strategies. 

Furthermore, the minimal representation 
of neutral sentiment indicates that most 
individuals have formed definitive opinions, 
either supportive or critical. This further 
strengthens the indication of public opinion 
polarization. Such polarization is a critical 
factor to consider, as it may affect the long-
term legitimacy and sustainability of the policy 
[16]. 

Therefore, the figure serves not only as a 
visualization tool but also as an analytical 
instrument for understanding deeper social 
dynamics related to public acceptance of 
government policies. 

 
Table 2. Representative Sentiment Text Examples 

Category Example Text 
Positive “This program is very helpful; electric 

motorcycles make food distribution 
faster and more environmentally 
friendly.” 

Negative “Why prioritize electric motorcycles? 
There are many more urgent needs than 
this program; the budget allocation is 
misplaced.” 

Neutral “The SPPG electric motorcycle 
program is useful for delivering 
services to remote schools.” 

 
Table 2 presents representative text 

examples for each sentiment category 
identified by the IndoBERT model. These 
examples provide qualitative insight into how 
public opinions are expressed on social media 
platforms. In the positive sentiment category, 
the texts typically contain expressions of 
appreciation, particularly regarding efficiency 
improvements and environmental benefits 
[17]. This indicates that a portion of the public 

perceives the policy as a relevant technological 
innovation aligned with modern needs. 

In contrast, the negative sentiment 
category contains more assertive and critical 
expressions. The statements not only address 
technical concerns but also question the 
broader prioritization of the policy. This 
suggests that negative sentiment in this study 
reflects not merely emotional reactions but also 
rational considerations regarding public 
resource allocation [18]. 

Meanwhile, the neutral sentiment category 
consists of informative statements without 
strong evaluative content. These texts 
acknowledge the functionality or potential 
benefits of the program without explicitly 
expressing support or opposition. The presence 
of neutral sentiment indicates that a small 
segment of the public remains in an 
observational stance [19]. 

Overall, the analysis of representative 
texts complements the quantitative findings 
and provides deeper contextual understanding. 
This combined quantitative–qualitative 
approach aligns with best practices in 
sentiment analysis research within Natural 
Language Processing by aramaki et al [20], 
emphasizing the importance of contextual 
interpretation in understanding public opinion. 

 
b. Analysis of Key Issues Influencing 

Public Sentiment 
Beyond identifying sentiment distribution, 

it is essential to examine the key issues 
underlying the formation of such sentiments. 
This analysis aims to uncover the factors that 
shape public perception regarding the 
procurement of electric motorcycles within the 
Nutritional Service Fulfillment Unit/ Satuan 
Pelayanan Pemenuhan Gizi (SPPG) program. 
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By employing text mining techniques and 
keyword frequency analysis, this study 
categorizes recurring issues in Instagram data 
into several thematic groups. 

The results indicate that public sentiment 
is not formed randomly but is influenced by 
specific and recurring issues in digital 
discourse. These issues reflect public concerns, 

expectations, and evaluations of the 
implemented policy. In general, dominant 
issues within negative sentiment are related to 
budget prioritization and infrastructure 
readiness, whereas positive sentiment is 
largely associated with innovation and 
environmental sustainability aspects. 

 
Table 3. Key Issue Categories in Public Sentiment 

Issue Category Description Dominant Sentiment 
Budget Prioritization Criticism of program funding allocation Negative 
Infrastructure Availability of charging stations and support Negative 
Environment Positive impact on emission reduction Positive 
Distribution Efficiency Improvement in service delivery speed Positive 
Government Policy Transparency and policy effectiveness Negative 

Table 3 categorizes the primary issues 
influencing public sentiment into five main 
groups. The categories of “Budget 
Prioritization” and “Government Policy” are 
dominated by negative sentiment, indicating 
that the public tends to question the relevance 
of the policy compared to other more urgent 
needs. Criticism regarding budget allocation 
reflects a high level of public sensitivity toward 
the use of state resources, particularly in the 
context of dynamic socio-economic 
conditions. 

The “Infrastructure” category also 
emerges as a significant source of negative 
sentiment. The limited availability of 
supporting facilities, such as charging stations, 

represents a practical barrier to policy 
implementation. This finding reinforces the 
notion that successful adoption of new 
technologies depends not only on innovation 
but also on the readiness of the supporting 
ecosystem [21]. 

On the other hand, the “Environment” and 
“Distribution Efficiency” categories are 
dominated by positive sentiment. This 
indicates that the public recognizes the long-
term benefits of electric vehicles, particularly 
in reducing carbon emissions and improving 
service efficiency. These findings are 
consistent with prior studies highlighting 
environmental sustainability as a key driver in 
the adoption of green technologies [22]. 
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Figure 2. Word Cloud of Public Sentiment 

 
The word cloud visualization in Figure 2 

provides an overview of the most frequently 
occurring terms in the dataset, represented 
through variations in word size and density. In 
this study, the word cloud reveals the 
dominance of terms such as “budget,” 
“priority,” “expensive,” and “misallocated” 
within negative sentiment. These terms reflect 
public concerns regarding economic aspects 
and policy decision-making. 

Conversely, in the positive sentiment 
category, words such as “environmentally 
friendly,” “efficient,” and “innovation” appear 

prominently. This suggests that supportive 
opinions are largely driven by perceived long-
term benefits and the innovative nature of the 
policy. 

The strength of word cloud visualization 
lies in its ability to transform complex textual 
data into an easily interpretable visual format. 
However, its limitation is the lack of contextual 
depth, as it does not capture the full semantic 
meaning of sentences. Therefore, this 
visualization must be interpreted alongside 
quantitative analyses to ensure accuracy [23]. 

 
Table 4. Keyword Frequency by Sentiment 

Keyword Positive Negative Neutral 
Environment 120 30 10 
Efficiency 95 20 8 
Budget 15 210 5 
Cost 10 180 3 
Infrastructure 20 150 6 

Table 4 presents the frequency distribution 
of keywords across several sentiment 
categories. The keywords “budget,” “cost,” 
and “infrastructure” exhibit significantly 
higher frequencies within the negative 
sentiment category, reinforcing the finding that 

negative sentiment is primarily driven by 
economic concerns and system readiness. 

In contrast, the keywords “environment” 
and “efficiency” are more prominent in the 
positive sentiment category, indicating that 
public support is largely influenced by 
ecological benefits and improvements in 
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service performance. This highlights a dual 
perception among the public, where long-term 
advantages are acknowledged, yet practical 
implementation challenges remain a concern 
[24]. 

The analysis of keyword frequency also 
demonstrates that certain terms are strongly 

associated with specific sentiment classes, 
serving as important indicators in the 
classification process. This approach aligns 
with feature extraction techniques in NLP, 
where word frequency plays a critical role in 
text analysis [25]. 

 
 

 
Figure 3. Top Keywords Distribution by Sentiment 

 
Figure 3 presents a comparative 

visualization of keyword frequency across 
sentiment categories. The chart clearly shows 
that the frequency of keywords associated with 
negative sentiment significantly exceeds those 
in positive and neutral categories. This finding 
further supports the dominance of critical 
opinions within public discourse [26]. 

Additionally, the figure highlights distinct 
patterns between positive and negative 
sentiment keywords. Positive keywords tend to 
reflect values and benefits, whereas negative 
keywords are associated with problems and 

constraints. This distinction provides valuable 
insight into how different segments of the 
public interpret the policy. 

The visualization also serves as a 
validation tool for previous analyses, 
demonstrating consistency between sentiment 
distribution, issue categorization, and keyword 
frequency. Consequently, Figure 3 strengthens 
the overall validity of the research findings and 
offers a more comprehensive understanding of 
public opinion dynamics. 
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c. Evaluation of IndoBERT Model 
Performance in Sentiment 
Classification 
Model evaluation constitutes a critical 

stage in this study to assess the effectiveness of 
IndoBERT in accurately classifying public 
sentiment based on Instagram data. 
Considering the complexity of social media 
language which often includes informal 
expressions, abbreviations, and implicit 
meanings a model with strong contextual 
understanding is required. In this regard, 

IndoBERT, as a transformer-based model, 
demonstrates superior capability compared to 
conventional approaches [27]. 

The evaluation was conducted using a 
testing dataset separated from the training data. 
The primary evaluation metrics include 
accuracy, precision, recall, and F1-score, 
which collectively provide a comprehensive 
assessment of the model’s performance, 
particularly in handling imbalanced data and 
multi-class classification scenarios. 

 

 
Figure 4. Model Evaluation Metrics 

 
Figure 4 presents a bar chart visualization 

of the evaluation metrics obtained from the 
IndoBERT model. The results indicate that the 
model achieves an accuracy of 0.89, 
suggesting that approximately 89% of the data 
are correctly classified. This level of accuracy 
is considered high, particularly given the noisy 
and unstructured nature of social media text 
data. 

The precision value of 0.88 indicates that 
the majority of the model’s predictions are 
relevant and accurate for each sentiment class. 
Meanwhile, the recall value of 0.90 
demonstrates the model’s strong ability to 
correctly identify instances belonging to each 
sentiment category. A high recall is 
particularly important in sentiment analysis, as 
misclassification may lead to misleading 
interpretations of public opinion [28]. 
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The F1-score of 0.89 reflects a well-
balanced trade-off between precision and 
recall, indicating that the model maintains 
consistency in classification performance. The 
relatively uniform distribution of metric values 
suggests that the model does not exhibit 
significant bias toward any particular class. 

These findings are consistent with previous 
studies highlighting the effectiveness of 
BERT-based models in text classification tasks 
[29]. 

 
 

 

 
Figure 5. Confusion Matrix 

 
The confusion matrix provides a detailed 

representation of the model’s classification 
performance by comparing predicted labels 
with actual labels. The matrix reveals that the 
model performs best in classifying the negative 
sentiment class, which is the dominant 
category in the dataset. This is evidenced by 
the significantly higher number of correctly 
predicted instances in the central cell of the 
matrix. 

However, some misclassifications are 
observed, particularly between positive and 

neutral classes. This can be attributed to the 
similarity in linguistic patterns between these 
categories, where the distinction in sentiment 
is often subtle and context-dependent. 
Additionally, ambiguity and implicit 
expressions commonly found in social media 
text further contribute to classification 
challenges [30]. 

The enhanced visualization, with a blue-
dominant color scheme and white text in the 
central cell, improves readability and 
highlights the most significant classification 
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outcomes. The confusion matrix serves as a 
valuable diagnostic tool, offering deeper 
insights beyond aggregate metrics such as 
accuracy. It enables the identification of 
specific weaknesses in the model, which can be 

addressed in future improvements, such as 
incorporating additional training data or 
applying data augmentation techniques [31]. 

 

 

 
Figure 6. Model Performance Distribution 

 
Figure 6 provides a pie chart 

representation of the model’s performance 
metrics, offering an alternative perspective on 
the relative contribution of each metric. The 
visualization shows that all metrics are 
relatively balanced, with recall slightly higher 
than the others. This indicates that the model 
tends to be more sensitive in capturing relevant 
sentiment instances, although it may slightly 
increase the likelihood of false positives [32], 
[33]. 

The balanced distribution among 
accuracy, precision, recall, and F1-score 
suggests that the model does not overfit to a 
specific metric, which is particularly important 
in imbalanced datasets. In this study, where 
negative sentiment dominates, maintaining 

equilibrium across evaluation metrics 
demonstrates the robustness of the IndoBERT 
model in handling skewed data distributions. 

Furthermore, the pie chart enhances the 
interpretability of model performance for 
broader audiences, including non-technical 
stakeholders such as policymakers. By 
presenting evaluation results in a visually 
intuitive format, the study facilitates better 
understanding and supports evidence-based 
decision-making [34]. 

Overall, the evaluation results confirm that 
IndoBERT is an effective approach for 
sentiment analysis in the context of social 
media data, with strong potential for 
application in public policy analysis and 



 IndoBERT-Based Sentiment Analysis of Electric Motorcycle Policy in Indonesia Using Instagram… 

Jurnal Penelitian Sains Teknologi | p-ISSN: 1411-5174; e-ISSN: 2830-067X 
Vol. 2, No. 2, September 2026 | pp. 165-181 

178 
 

decision support systems in Indonesia [35], 
[36]. 

 
Conclusion 

This study aims to analyze public 
sentiment toward the procurement of electric 
motorcycles within the Nutritional Service 
Fulfillment Unit/ Satuan Pelayanan 
Pemenuhan Gizi (SPPG) program in Indonesia 
by utilizing Instagram data and a deep learning 
approach based on IndoBERT. The findings 
indicate that public perception of the policy is 
predominantly characterized by negative 
sentiment, primarily driven by concerns related 
to budget prioritization, infrastructure 
readiness, and policy implementation 
effectiveness. Nevertheless, positive sentiment 
is also present, highlighting the perceived 
benefits of the program in terms of 
environmental sustainability and improved 
efficiency in nutritional service distribution. 

Further analysis of key issues reveals that 
public opinion is systematically shaped by 
recurring factors within social media discourse. 
This finding underscores that the success of 
policy implementation depends not only on the 
intended objectives but also on how the policy 
is perceived within the broader context of 
societal needs. Therefore, understanding the 
dynamics of public opinion is essential for 
developing more responsive and adaptive 
policymaking strategies. 

From a methodological perspective, the 
evaluation results demonstrate that the 
IndoBERT model achieves high performance in 
sentiment classification, with balanced 
accuracy, precision, recall, and F1-score values. 
This indicates that transformer-based 
approaches are effective in handling the 
complexity of the Indonesian language, 

particularly in the context of unstructured social 
media data. Thus, this study contributes to the 
advancement of deep learning-based sentiment 
analysis methods in the domain of public policy 
research in Indonesia. 

Practically, the findings provide important 
implications for policymakers, particularly in 
designing effective public communication 
strategies, enhancing transparency, and 
aligning policy priorities with societal needs. 
Furthermore, this study opens opportunities for 
future research to develop more robust models, 
expand data sources across multiple social 
media platforms, and integrate sentiment 
analysis with other analytical approaches such 
as topic modeling or temporal analysis. 
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