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Abstract—The rapid development of the electric vehicle (EV)
industry in Indonesia has been driven by strong government sup-
port and global demand for sustainable transportation. However,
public adoption remains limited, highlighting the importance
of understanding societal perceptions toward EVs. This study
applies sentiment analysis to examine Indonesian public opinion
using a dataset of 764 articles collected from CNBC Indonesia,
Otoshifter, and CNN Indonesia. The methodology combines
traditional machine learning baselines with a Transformer-based
IndoBERT model, enhanced by the Synthetic Minority Oversam-
pling Technique (SMOTE) to address class imbalance. Experi-
mental results demonstrate that although the model achieved
a relatively high overall accuracy of 88.89%, its macro-level
performance was significantly weaker, with a macro F1-score
of 41.33% due to challenges in detecting minority sentiment
classes. These findings underscore the need for balanced data
representation and advanced modeling techniques to improve
minority-class detection. The study contributes by providing a
domain-specific dataset, validating IndoBERT’s effectiveness in
the EV domain, and highlighting the impact of class imbalance
on sentiment classification in Indonesian texts.

Index Terms—Electric Vehicles, Sentiment Analysis, In-
doBERT, SMOTE, Indonesian Language Processing, Imbalanced
Data, Natural Language Processing (NLP)

I. INTRODUCTION

The electric vehicle (EV) industry in Indonesia has experi-
enced significant growth in recent years, driven by strong gov-
ernment support and increasing global demand for sustainable
transportation. The Indonesian government aims to establish a
domestic EV ecosystem by 2025, including battery production,
charging infrastructure, and vehicle assembly, supported by
major investments such as the Hyundai-LG battery plant
and VinFast’s plan to install up to 100,000 charging stations
nationwide [1] [2]. However, despite this momentum, EV
adoption remains below 7% of total vehicles in the domestic
market. Understanding public perception is therefore crucial
to identifying both the barriers and enablers of EV adoption.
(3] [4].
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Sentiment analysis has emerged as a powerful tool to cap-
ture public attitudes toward EVs in real time, leveraging
data from social media posts, news articles, and consumer
reviews. Insights obtained from sentiment analysis can help
manufacturers design more effective promotional strategies,
assist policymakers in formulating incentive programs, and
support investors in assessing market readiness [5] [6]. Never-
theless, sentiment analysis in the Indonesian language presents
unique challenges, including the frequent use of slang and
informal vocabulary, diverse sentence structures, and the issue
of imbalanced datasets—where certain sentiment classes tend
to dominate [7]. These characteristics require models that are
sensitive to local linguistic contexts and capable of addressing
class imbalance to minimize classification bias [8].

Recent advances in natural language processing (NLP)
have introduced IndoBERT, a Transformer-based pre-trained
language model specifically designed for the Indonesian lan-
guage. IndoBERT has demonstrated strong performance in
capturing semantic and syntactic nuances within Indonesian
text, surpassing traditional machine learning approaches, par-
ticularly in domain-specific sentiment classification tasks [4]
[9]. To further address the imbalance problem, oversam-
pling techniques such as the Synthetic Minority Oversampling
Technique (SMOTE) have been widely applied [10] [11]. In
Indonesian sentiment classification, the integration of SMOTE
has been shown to significantly improve model performance,
with higher accuracy and more balanced Fl-scores across
sentiment classes.

This study contributes in three key areas: (1) the devel-
opment of a domain-specific Indonesian dataset focusing on
public perceptions of EVs, (2) the application of IndoBERT
in combination with SMOTE to enhance sentiment classifica-
tion performance, and (3) a comprehensive evaluation of the
model’s effectiveness in addressing the challenges of linguistic
diversity and class imbalance in Indonesian sentiment analysis.
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II. RELATED WORK

Research on electric-vehicle (EV) adoption typically high-
lights two intertwined streams: technology diffusion in emerg-
ing markets and the role of public sentiment in shaping
purchase intentions. Studies in the Indonesian context report
that policy incentives, charging infrastructure, and total cost
of ownership are persistent determinants of adoption, while
concerns about driving range, battery longevity, and resale
value remain barriers. In parallel, work that mines digital
traces (news, social media, and app reviews) shows that public
discourse around EVs oscillates with policy announcements
and product launches, making sentiment analysis a practical
lens for tracking readiness and pain points over time [2] [12].

A second stream examines sentiment analysis methods for
mobility and energy topics [13] [14]. Global studies on EVs
have leveraged Twitter, forum posts, and news headlines to
quantify attitudes toward environmental benefits, brand per-
ception, and infrastructure adequacy [14] [15]. These works
consistently find that fine-grained, aspect-level sentiment (e.g.,
battery, charging, cost) is more informative than document-
level polarity, and that temporal analysis captures shifts follow-
ing policy changes or major events. However, most large-scale
EV sentiment studies are conducted in English or Chinese,
leaving a gap for high-quality analyses in Indonesian [5] [16].

Indonesian-language sentiment analysis introduces linguis-
tic challenges that differ from high-resource languages. In-
formal morphology, slang and abbreviations, productive redu-
plication, and frequent code-mixing with English reduce the
effectiveness of rule-based preprocessing and classical bag-of-
words representations [17] [18]. Prior Indonesian NLP work
shows that naively applying tokenization, stop-word removal,
or stemming can harm downstream performance when slang
or domain terms carry sentiment [19]. As a result, recent stud-
ies emphasize robust normalization (e.g., slang dictionaries),
subword tokenization, and models that can learn contextual
semantics directly from raw text [20].

Transformer-based models pre-trained for Indonesian, par-
ticularly IndoBERT and its social-media variant (often referred
to as IndoBERTweet), have become de-facto baselines for
Indonesian sentiment classification. Across domains such as
product, service, and policy discourse, these models consis-
tently outperform classical machine-learning methods (e.g.,
Naive Bayes, SVM, logistic regression) and recurrent/CNN
architectures, especially on noisy text. Fine-tuning IndoBERT
with modest task-specific data yields strong gains due to
its ability to encode subword morphology and long-range
dependencies. Nevertheless, domain shift remains a concern:
performance can drop when moving from product reviews to
policy debate or from formal news to colloquial social media,
motivating domain-aware fine-tuning and careful data curation.

A recurring practical issue in Indonesian sentiment datasets
is class imbalance—for instance, neutral or positive classes
dominating organic discussions, or negative spikes around
specific events. The imbalanced-learning literature offers sev-
eral remedies. Data-level methods such as SMOTE and its

variants (Borderline-SMOTE, ADASYN) synthesize minority-
class samples to balance training sets; algorithm-level methods
such as class-weighted losses and focal loss adjust the opti-
mization objective; and ensemble methods (e.g., EasyEnsem-
ble) combine both. In text classification, SMOTE is most
effective when applied on dense, semantically meaningful
representations (e.g., TF-IDF with dimensionality reduction
or sentence embeddings) rather than raw sparse vectors; when
paired with modern encoders like BERT/IndoBERT, oversam-
pling or class-weighted losses typically improves minority-
class recall without unduly hurting precision. Recent Indone-
sian studies report that applying SMOTE (or related strategies)
can raise macro-F1 and minority-class F1 substantially, though
care is needed to avoid information leakage (e.g., oversampling
before train or test split) and to monitor overfitting on synthetic
samples.

Logistic Regression is a classical machine learning algo-
rithm widely applied in classification tasks. Unlike linear
regression, which predicts continuous outcomes, Logistic Re-
gression models the probability of a data point belonging to a
certain class by applying the logit or sigmoid function. This
transformation maps the output into a range between 0 and
1, making it suitable for binary and multi-class classification
problems [21].

In sentiment analysis, Logistic Regression is often used as a
baseline model because it is simple, efficient, and interpretable.
The algorithm assumes a linear relationship between the input
features and the log-odds of the target variable. Despite its
simplicity, it has proven effective in many text classification
scenarios [22].

Comparative evaluations consistently show that pre-trained
Transformers (BERT family) outperform classical baselines
and LSTM/CNN models on Indonesian sentiment tasks, par-
ticularly under noisy, code-mixed conditions [23], [24]. That
said, simple baselines remain useful for ablations and cost-
sensitive deployments, and can serve as sanity checks for
data quality and label balance. Error analyses across studies
highlight common failure modes: sarcasm and irony, negation
scope with intensifiers, entity-level sentiment shifts within a
single post, and domain terms (e.g., EV-specific jargon such
as SoC, fast-charging, WLTP) [25].

Positioning and gaps. Despite rapid progress, there remain
notable gaps relevant to this work: (i) a lack of publicly
documented, domain-specific Indonesian datasets focused on
EV public perception; (ii) limited, controlled studies that
combine IndoBERT with imbalanced-learning strategies (e.g.,
SMOTE vs. class-weighted/focal loss) and report per-class
metrics (macro-F1, minority-class recall) under realistic noise;
and (iii) insufficient aspect-level analysis that disentangles
sentiment toward charging, cost, performance, and policy.
Addressing these gaps, the present study (a) curates an EV-
focused Indonesian dataset from public discourse, (b) fine-
tunes IndoBERT with and without SMOTE to quantify the
effect of oversampling on minority-class detection, and (c)
reports comprehensive metrics and error analyses to clarify
when and why oversampling helps in an Indonesian EV
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context.

III. METHODOLOGY
A. Data Collection

The dataset consisted of 764 text documents compiled

from three major Indonesian digital news outlets: CNBC
Indonesia, Otoshifter, and CNN Indonesia. These sources
were selected to capture a diverse range of perspectives
on electric vehicles (EVs) within the Indonesian context,
including economic, technological, and consumer-oriented
viewpoints.
Data acquisition was conducted using web scraping
techniques, focusing on domain-specific keywords such as
“electric vehicle”, “EV Indonesia”, and “battery electric
vehicle”. The retrieved articles were then stored in a structured
format (CSV/JSON) to facilitate subsequent preprocessing
and analysis.

B. Preprocessing

Raw textual data underwent several preprocessing steps to
ensure high-quality inputs for modeling:

1) Text cleaning: removal of URLs, hashtags, emojis, ex-
cessive punctuation, and non-alphabetic characters.

2) Case folding: converting all characters to lowercase.

3) Tokenization: segmenting text into individual tokens.

4) Normalization: standardizing slang and informal expres-
sions into formal Indonesian equivalents (e.g., gk —
tidak).

5) Stopword removal: eliminating high-frequency but se-
mantically insignificant words (e.g., yang, dan, atau).

6) Stemming: reducing words to their root form (e.g.,
berjalan — jalan) [19].

C. Modeling

Two types of models were employed for sentiment classifi-
cation:

1. Baseline Model
Logistic Regression with TF-IDF was applied as the base-
line model. The approach relies on traditional feature
engineering, where text data are transformed into numerical
representations using Term Frequency—Inverse Document
Frequency (TF-IDF). This model establishes a benchmark
for evaluating the performance of deep learning—based
approaches.

2. Proposed Model
IndoBERT, a Transformer-based pre-trained language
model specifically designed for the Indonesian language,
was fine-tuned on the EV sentiment dataset. Unlike the
baseline model, IndoBERT captures contextual semantics
and linguistic nuances, making it more suitable for han-
dling informal morphology, slang, and code-mixing that
frequently occur in Indonesian-language texts.

D. Handling Class Imbalance

As sentiment data tend to be imbalanced, with positive
or neutral classes often dominating, the Synthetic Minority
Oversampling Technique (SMOTE) was applied.

1) SMOTE generates synthetic samples of the minority
classes by interpolating between existing instances using
k-nearest neighbors.

2) This approach enhances class representation, reducing
bias toward majority classes and improving overall clas-
sification performance.

E. Evaluation Metrics

Model performance was assessed using multiple evaluation
metrics:

1) Accuracy: overall proportion of correctly predicted la-
bels.

2) Precision: proportion of true positive predictions among
all predicted positives.

3) Recall: proportion of correctly identified positive samples
out of all actual positives.

IV. RESULTS AND DISCUSSION
A. Confusion Matrix

As illustrated in Figure 1, the model configured with
IndoBERT embeddings + SMOTE + Logistic Regression
still demonstrates a bias toward the majority class (neutral).
Out of 153 test samples, nearly all predictions fall into
the neutral class, with only a small portion of positive
samples correctly identified, while the negative class remains
undetected. This outcome emphasizes the persisting challenge
of class imbalance in the dataset.

B. Overall Metrics

Table 1 summarizes the overall performance of the model.
While the accuracy is relatively high (0.8627), macro-
averaged metrics are considerably lower. Precision (0.4726),
Recall (0.4847), and Fl-score (0.4785) reveal that the model
struggles to consistently capture minority classes, despite its
strength in identifying the majority class.

As presented in Table 1, the model achieved an overall

TABLE I
OVERALL METRICS
Metric Value
Accuracy 0.8627
Precision (Macro) | 0.4726
Recall (Macro) 0.4847
Fl-score (Macro) | 0.4785

accuracy of 0.8627, indicating that it performs reasonably
well in predicting the dominant class. However, the macro-
averaged metrics—precision (0.4726), recall (0.4847), and
Fl-score (0.4785)—highlight the model’s limited ability to
balance performance across all sentiment categories. This
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discrepancy suggests that while the model is reliable for
majority-class predictions, it struggles to adequately capture
minority sentiments, reinforcing the need for strategies to
address class imbalance.

C. Per-Class Performance

The classification report in Table 2 highlights the variation
in performance across classes. The neutral class dominates
with high recall, while the negative class fails to be detected.
The positive class achieves moderately good precision but
low recall, resulting in a relatively weak Fl-score. These
findings reinforce the conclusion that the imbalance between
classes heavily impacts model effectiveness.

TABLE II
CLASSIFICATION REPORT PER CLASS
Class Precision | Recall | Fl-score | Support
Negative 0.0000 0.0000 | 0.0000 3
Neutral 0.8890 0.9323 | 0.9101 133
Positive 0.5294 0.5294 | 0.5294 17
Macro Avg 0.4726 0.4847 | 0.4785 153
Weighted Avg 0.8350 0.8627 | 0.8479 153

As shown in Table 2, the model performs strongly in
predicting the Neutral class, achieving high precision (0.8890),
recall (0.9323), and Fl-score (0.9101). However, performance
significantly drops for the Positive class (Fl-score 0.5294)
and is completely ineffective for the Negative class, where all
metrics are 0.0000 due to the very limited number of samples
(n=3). This imbalance skews the overall results, as reflected
in the macro-averaged F1-score of 0.4785, while the weighted
average Fl-score of 0.8479 indicates that the model is biased
toward the majority Neutral class. These findings confirm
that although the classifier achieves high overall accuracy,
its ability to generalize across underrepresented sentiment
categories remains inadequate, emphasizing the importance of
applying resampling or class-balancing techniques.

D. Interpretation

Overall, while the model achieves a high accuracy (0.8627),
per-class analysis indicates substantial limitations. The model
is overly biased toward the neutral class, fails to identify
the negative class, and performs only moderately well on
the positive class. These results highlight the need for more
robust strategies to address class imbalance, such as advanced
oversampling, ensemble methods, cost-sensitive learning, or
further fine-tuning of IndoBERT to improve the detection of
minority classes.

41.33% and the inability to correctly detect negative sentiment
suggest that the model is less effective for underrepresented
categories. These findings highlight the need for improvements
in handling class imbalance to ensure more robust and equi-
table sentiment analysis across all categories.

Future work should address this limitation by: (i) employing
resampling and data augmentation strategies to increase repre-
sentation of minority classes, (ii) integrating cost-sensitive and
ensemble learning approaches to reduce misclassification bias,
and (iii) leveraging advanced contextual embeddings such as
BERT or RoBERTa to capture richer semantic nuances. Ad-
ditionally, evaluations should incorporate macro- and micro-
averaged metrics alongside stratified cross-validation to ensure
reliability and generalizability. By adopting these approaches,
subsequent studies can contribute to the development of more
balanced, resilient, and domain-adaptive sentiment analysis
systems capable of supporting real-world applications.
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