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ABSTRACT 

The development of regulations and trends in electric vehicle adoption in 

Indonesia has generated diverse public responses and opinions on social 

media platforms such as YouTube. However, manually evaluating large 

volumes of unstructured review data tends to be inefficient and less 

effective. This study applies the Support Vector Machine (SVM) algorithm 

with a Radial Basis Function (RBF) kernel, utilizing Term Frequency-

Inverse Document Frequency (TF-IDF) weighting and optimized 

preprocessing techniques to automatically classify public opinion 

sentiment. The dataset consists of 1,517 Indonesian-language YouTube 

comments that underwent a series of preprocessing stages, including 

case folding, cleaning, tokenization, stopword removal, normalization, 

and stemming. The resulting cleaned dataset was then transformed into 

a numerical matrix containing 1,180 word features and divided into 

training and testing sets using a 70:30 ratio. The initial labeling results 

showed that public opinions were dominated by negative sentiment, 

accounting for 57.3% (869 comments), followed by positive sentiment at 33.2% (504 comments) and 

neutral sentiment at 9.5% (144 comments). The performance evaluation of the SVM classification model 

using a confusion matrix achieved an overall accuracy of 78.1%. These findings demonstrate that the 

application of optimized preprocessing techniques combined with a nonlinear SVM kernel provides 

reliable performance in accurately identifying and mapping the characteristics of digital public opinion. 

 

 
1. INTRODUCTION 

Electric vehicles have currently become a major focus of the global automotive industry 

and in Indonesia as one of the concrete efforts to reduce negative environmental impacts 

(Dzaky Candy Fahrezy & Fandy Setyo Utomo, 2024). The continuous increase in the use of 

fossil fuel-powered motor vehicles has caused Indonesia’s fuel reserves to decline gradually 

over the years (Erfina & Lestari, 2023). Therefore, the Indonesian government strongly 

supports the transition from conventional vehicles to electric vehicles to reduce carbon 

emissions and greenhouse gas emissions in a measurable manner (Farhani, 2024). 

Nevertheless, the presence and adoption of electric vehicles continue to generate both support 

and opposition and remain a subject of public debate (Sri Widagdo Adika Nuresa Qodri et al., 

2023). 

 

Research Gap 

Although electric vehicles are widely considered an environmentally friendly solution, 

public understanding of this technology in Indonesia remains relatively limited (Luthfi Krisna 

Bayu & Wurijanto, 2024). Public opinion analysis indicates that limited public literacy is an 

issue that directly contributes to the emergence of negative opinions (Yulianto et al., 2025). 

Previous studies have extensively employed standard algorithms such as Naïve Bayes, K-
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Nearest Neighbor (KNN), and Decision Tree; however, the classification performance of these 

models has varied and still requires improvement (Sehabudin et al., 2025). As a distinction 

and key advantage over twelve previous studies, most of which analyzed short reviews from 

Twitter without adequately addressing the quality of raw text, this study specifically utilizes 

YouTube comments, which generally contain longer and more complex sentence structures 

(Sehabudin et al., 2025). This study introduces novelty through rigorous preprocessing 

optimization, including the conversion of informal automotive language commonly used by 

netizens before the data are used for model training (Aryanti & Santoso, 2023). The 

combination of effective text processing at the initial stage and the nonlinear separation 

capability of the Support Vector Machine (SVM) algorithm using an RBF kernel is specifically 

designed to address the complexity of informal language (Pramana et al., 2025). This 

approach is proposed to demonstrate that optimization during the preprocessing phase can 

significantly improve the model's performance and classification accuracy compared with 

approaches that focus solely on algorithmic tuning (Ningsih et al., 2024). 

 

Problem Statement 

Based on the aforementioned background and research gap, the primary issue 

concerns how Indonesian society responds to and expresses sentiment toward the adoption 

of electric vehicles (Aryanti & Santoso, 2023). Furthermore, it is important to identify how public 

opinion specifically responds to the electric vehicle incentive policies implemented by the 

government (Pramana et al., 2025). The subsequent question concerns which machine 

learning method or algorithm provides the most optimal performance in classifying public 

support for and opposition to the transition from conventional vehicles to electric vehicles 

(Ningsih et al., 2024). 

 

Proposed Solution 

To address these research problems, sentiment analysis is proposed as the primary 

method for classifying public opinion texts into positive, negative, or neutral sentiment 

categories (Ningsih et al., 2024). Public opinion data will be collected specifically from 

Indonesian-language comments on YouTube, which is frequently used as a platform for public 

discussion (Erfina & Lestari, 2023). The raw text data will then undergo advanced 

preprocessing and be transformed into numerical representations using the Term Frequency-

Inverse Document Frequency (TF-IDF) weighting method (Pramana et al., 2025). Finally, the 

sentiment classification model will be evaluated and optimized using the nonlinear approach 

of the Support Vector Machine (SVM) algorithm with an RBF kernel to obtain more precise 

measurements of public perceptions (Daniati et al., 2026). 

2. LITERATURE REVIEW 

Research on public opinion toward electric vehicles using the Naïve Bayes algorithm 
has shown that this decision-making method can achieve competitive accuracy in text 
classification (Yulianto et al., 2025). Sentiment analysis of electric vehicle incentive policies 
using a combination of TF-IDF weighting and Naïve Bayes has effectively mapped public 
perceptions (Pramana et al., 2025). A comparative study of the Naïve Bayes and Support 
Vector Machine (SVM) algorithms on digital data revealed that SVM offers greater stability in 
processing opinion data related to electric vehicles (Ningsih et al., 2024). Sentiment evaluation 
based on public platforms regarding the development trends of electric vehicles in Indonesia 
has also confirmed the computational efficiency of these methods in handling large-scale 
opinion datasets (Aryanti & Santoso, 2023). 

Meanwhile, opinion analysis of YouTube comments concerning electric vehicle content 
using the SVM algorithm has demonstrated its reliability in generating an optimal decision 
boundary or hyperplane (Sehabudin et al., 2025). Evaluation of deep learning methods such 
as Long Short-Term Memory (LSTM) has shown strong performance in handling the contextual 
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complexity of informal sentences in electric vehicle reviews (Sri Widagdo Adika Nuresa Qodri 
et al., 2023). Other studies exploring public opinions across various digital platforms have 
concluded that automated sentiment mapping can significantly assist in overcoming the 
limitations of manual analysis (Dzaky Candy Fahrezy & Fandy Setyo Utomo, 2024). The 
integration of appropriate feature extraction techniques has also been shown to improve 
evaluation metrics in sentiment classification models for electric vehicles in Indonesia (Farhani, 
2024). Supporting studies on electric vehicles further emphasize that the non-standard 
language characteristics commonly used by netizens require accurate preprocessing to 
prevent degradation in model performance and classification accuracy (Erfina & Lestari, 2023). 
Ultimately, sentiment classification using machine learning approaches can provide an 
objective overview for the government in evaluating public responses to energy transition 
programs (Luthfi Krisna Bayu & Wurijanto, 2024). 
 
Social Media as a Source of Public Opinion 

YouTube has increasingly evolved into a highly dynamic digital public discussion space 
for society (Dzaky Candy Fahrezy & Fandy Setyo Utomo, 2024). Comments and video posts 
on the platform provide a broad source of opinion data that can be continuously collected and 
analyzed in near real time (Ningsih et al., 2024). The high level of interaction among digital 
users makes YouTube a valuable source of data for capturing public perspectives in an 
objective manner (Pramana et al., 2025). 
 
Electric Vehicle Policies and Public Opinion 

The implementation of electric vehicle policies in Indonesia has frequently triggered 
emotional responses and diverse debates among various audiences (Dzaky Candy Fahrezy 
& Fandy Setyo Utomo, 2024). Public interactions in digital spaces reflect communication in 
which support and opposition are expressed through diverse forms of sentiment (Aryanti & 
Santoso, 2023). Analyzing these public opinions is important for the government to evaluate 
the effectiveness and impact of implemented regulations (Farhani, 2024). 
 
Sentiment Analysis 

Sentiment analysis is a text-processing technique used to automatically identify and 
process information to extract public opinions from textual data (Erfina & Lestari, 2023). This 
process utilizes natural language processing and machine learning techniques to classify 
opinions from large-scale datasets into specific categories, such as positive and negative 
sentiments (Sehabudin et al., 2025). Automated sentiment analysis is essential because the 
large volume of available data makes manual opinion evaluation inefficient and impractical 
(Luthfi Krisna Bayu & Wurijanto, 2024). 
 
Support Vector Machine (SVM) 

Support Vector Machine (SVM) is a machine learning algorithm that is widely used and 
reliable for both binary and multiclass classification tasks (Daniati et al., 2026). The method 
operates by identifying an optimal decision boundary or hyperplane that separates different 
sentiment classes while maximizing the margin between them (Ningsih et al., 2024). SVM has 
consistently demonstrated effectiveness, stability, and reliability in handling high-dimensional 
text classification tasks, including large-scale datasets (Dzaky Candy Fahrezy & Fandy Setyo 
Utomo, 2024). 

 

3. METHOD 

  This study employs a structured framework to extract information from a dataset of 
public opinion texts contained in YouTube comments concerning electric vehicles (Luthfi 
Krisna Bayu & Wurijanto, 2024). The research methodology is systematically designed, with a 
primary focus on optimizing data preprocessing to improve the classification accuracy of the 
Support Vector Machine (SVM) algorithm (Sehabudin et al., 2025). 
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Figure 1. Flowchart of the Sentiment Analysis Research Stages 

 
Data Preprocessing 
  Preprocessing optimization is an essential stage for cleaning unstructured textual data 
to generate high-quality features for the SVM predictive model [8]. The preprocessing stages 
are performed sequentially as follows: 

1. Case Folding: All characters in the text dataset are converted to lowercase to ensure 
consistency in the alphabetic format (Pramana et al., 2025). 

2. Cleaning: This stage removes noise from the data using Regular Expressions (Regex) 
to eliminate numbers, punctuation marks, special characters, and empty or NaN 
comments (Ningsih et al., 2024). 

3. Tokenization: This step divides complete review sentences into individual word tokens, 
making them easier to process and enabling the calculation of word frequency 
distributions (Aryanti & Santoso, 2023). 

4. Stopword Removal: This stage removes conjunctions and other common words that 
do not provide meaningful sentiment information using a standard stopword list 
(Farhani, 2024). 

5. Normalization: The remaining text is normalized by converting abbreviations and 
informal language commonly used by Indonesian netizens into standardized words 
based on a customized conversion dictionary (Yulianto et al., 2025). 

6. Stemming: The final stage removes prefixes, suffixes, and other affixes to reduce 
words to their root forms, thereby ensuring consistency in the vocabulary used for 
classification (Yulianto et al., 2025). 

 
Feature Weighting and Data Splitting 
  Before the feature weighting stage, the preprocessed text data are first divided into 
training and testing sets using the train_test_split function with a 70:30 ratio. Stratified sampling 
is applied to maintain the proportion of the three sentiment classes (positive, negative, and 
neutral) across both subsets. Of the initial 1,517 comments, 2 comments were removed, for 
example, because they were empty or became duplicates after preprocessing. Consequently, 
1,515 comments were used for the data-splitting process. The resulting dataset consisted of 
1,060 training samples (70%) and 455 testing samples (30%) (Luthfi Krisna Bayu & Wurijanto, 
2024). 
  After the data-splitting process, the text data are transformed into numerical vectors 
using the Term Frequency-Inverse Document Frequency (TF-IDF) weighting method. The 
structured word tokens are converted into numerical vectors so that they can be processed 
computationally by the machine learning model (Daniati et al., 2026). It is important to 
emphasize that the TF-IDF vocabulary is constructed exclusively from the training data, while 
the testing data are transformed using the vocabulary and inverse document frequency (IDF) 
weights learned from the training data, without contributing to the formation of a new 
vocabulary. This procedure is essential to ensure that the testing data genuinely represent 
unseen data that have not been accessed by the model in any form, including during the 
feature extraction stage. Therefore, the final evaluation results are protected from data leakage 
between the training and testing sets. 
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The transformation relies on TF-IDF calculations to assign a specific weight to each word 
based on the following formula: 
 
 
 
 
 
 

Where Wt,d denotes the weight of term t in documnet d, N represents the total number of 

documents, and DFt denotes the number of documents containing termt (Prasetyo et al., 

2025). 

 
Classification Using Support Vector Machine (SVM) 
  Because the dataset exhibits nonlinear characteristics, the decision function was 
implemented using the Radial Basis Function (RBF) kernel. The regularization parameter (C) 
and kernel parameter (γ) were not arbitrarily determined but optimized using GridSearchCV 
with a 5-fold cross-validation scheme. The search evaluated combinations of 
C={0.01,0.1,1,5,10,50,100,1000}, γ={scale,0.1,0.01,0.001,0.0001}, and class_weight = {None, 
balanced}, resulting in a total of 80 parameter combinations and 400 model-training iterations. 
The macro-F1 score was used as the selection metric because it provides a more 
representative evaluation than accuracy when dealing with imbalanced class distributions. 
  The grid search results indicated that the best parameter combination was C=10, 
γ=0.1, and class_weight = 'balanced', achieving a cross-validation macro-F1 score of 0.574. 
The value C=1000 was explicitly excluded because diagnostic analysis showed that increasing 
C from 10 to 100 improved the test accuracy by only 2%, while the training accuracy 
approached 100%, indicating a potential overfitting issue. Therefore, larger C values did not 
provide sufficient generalization benefits to justify the increased risk of overfitting. 
  To address class imbalance (see Table 1: Negative 57.3%, Positive 33.2%, and Neutral 
9.5%), two approaches were compared: (1) using class_weight='balanced' in the SVM model 
and (2) applying Synthetic Minority Oversampling Technique (SMOTE) exclusively to the 
training data after the data-splitting process, ensuring that the testing set remained unchanged 
and consisted entirely of original data. SMOTE balanced the training data across the three 
classes to 608 samples per class, from the original distribution of 608:353:99. The C and γ 
parameter search was also repeated specifically for the SMOTE-based approach using 
imblearn.pipeline.Pipeline. This ensured that the resampling process was performed 
independently within each cross-validation fold and did not leak information into the validation 
data. The SMOTE-based approach produced an optimal combination of C=100 and γ=0.01, 
achieving a cross-validation macro-F1 score of 0.588. A comparison of the performance of the 
two approaches for handling class imbalance is presented in Table 6 (see Revised Section 
4.7). 
  The SVM approach performs classification by identifying the optimal hyperplane in a 
high-dimensional feature space to clearly separate opinions among different sentiment classes 
(Sehabudin et al., 2025). The RBF kernel is used to transform the feature space so that 
nonlinear data can be optimally separated by the model (Ningsih et al., 2024). The 
mathematical formulation of the SVM decision function is given as follows: 

𝑓(𝘅) = 𝑠𝑖𝑔𝑛 (∑ 𝛼𝑖𝑦𝑖𝐾(𝘅𝑖‚𝘅) + 𝑏)

𝑛

𝑖

 
(2) 

  

 The RBF kernel function used to transform the feature space is formulated as follows: 

𝑊𝑡 ‚𝑑 = 𝑇𝐹𝑡 ‚𝑑 × log(
𝑁

𝐷𝐹𝑡
) 

(1) 
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𝐾(𝘅𝑖‚𝘅) = exp(−γ||𝘅𝑖 − 𝘅||2 (3) 

Dimana :  

x = Test data 

xi = Support vector obtained from the training process 

αi = Lagrange coefficient of the support vector 

yi = Support vector class label (+1 or −1) 

b = Bias or intercept 

γ = RBF kernel parameter controlling the influence of each support vector 

K(xi‚x) = Similarity value between the test data and the support vector 

sign\ \left(.\right) = Class decision function 

 
Model Performance Evaluation 
  The reliability of the algorithm in classifying public opinions regarding electric vehicles 
was evaluated through mathematical calculations based on the Confusion Matrix (Prasetyo et 
al., 2025). The evaluation metrics were conventionally defined using the following formulas: 

𝐴𝑐𝑐𝑢𝑟𝑎𝑐𝑦 =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

(4) 

𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

(5) 

𝑅𝑒𝑐𝑎𝑙𝑙 =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

(6) 

F1-Score=2×
Precision×Recall

Precision+Recall
 

(7) 

 
Where: 

• TP (True Positive) = Number of positive samples correctly classified as positive. 

• TN (True Negative) = Number of negative samples correctly classified as negative. 

• FP (False Positive) = Number of negative samples incorrectly classified as positive. 

• FN (False Negative) = Number of positive samples incorrectly classified as negative. 

• Accuracy is the most basic metric for measuring the proportion of total reviews whose 
sentiment is correctly classified by the model relative to the total number of reviews. 

• Precision measures the accuracy of positive predictions among all texts classified by 
the model as having positive sentiment. 

• Recall measures the sensitivity of the model in correctly identifying samples that 
actually belong to the positive sentiment class. 

• F1-Score is the harmonic mean of precision and recall. This metric is used to achieve 
an optimal balance between the two measures. 

  In addition to these four metrics, this study also reports the macro-averaged F1-Score 
(F1-macro), weighted-averaged F1-Score (F1-weighted), and Cohen's Kappa. F1-macro 
calculates the average F1-Score across the three sentiment classes with equal weighting, 
thereby preventing the evaluation from being biased toward the majority class. This metric is 



Aurora Aulia1, Fernando Yunianda2, Bima Sanggraloka3, Jovi Satria4, Eko Prasetyo5, Rahmawati Febrifyaning Tias6 (2026). 
Smart Techno. Vol. 8(2) PP. 291-302 

 

  
 

Sentiment Analysis of Public Opinions…         297 

more representative than accuracy for imbalanced datasets such as the one used in this study. 
Cohen's Kappa measures the level of agreement between the model predictions and the actual 
labels while accounting for the possibility of agreement occurring by chance. Its value ranges 
from -1 (no agreement) to 1 (perfect agreement). 
 

4. RESULT AND DISCUSSION 

Results of Data Collection 
The data collection process of public comments regarding electric vehicles in Indonesia 

successfully obtained 1,517 actual comment records from the YouTube platform. The collected 
data were then stored in a structured .csv format to facilitate processing in subsequent stages. 
The dataset contains diverse expressions of public opinion regarding environmentally friendly 
vehicle incentive policies. The size and diversity of the dataset provide an appropriate 
foundation for evaluating the classification performance of the machine learning algorithm. 
 
Sentiment Labeling 

The labeling stage classified the 1,517 comments into three sentiment polarity 
categories: negative, positive, and neutral. The labeling results showed that negative 
sentiment dominated the corpus, with a total of 869 comments (57.3%), followed by positive 
sentiment with 504 comments (33.2%), and neutral sentiment with 144 comments (9.5%). 
Accurate sentiment labeling is crucial because the resulting labels serve as the ground truth 
for the supervised learning model. 
 
     Table 1. Distribution of Sentiment Labels for Electric Vehicle Comments 

No. Sentiment Class Number of Comments Percentage (%) 

1 Negative 869 57.3% 

2 Positive 504 33.2% 

3 Neutral 144 9.5% 

Total Overall 1,517 100.0% 

 
 

 
Figure 2. Percentage Distribution of Sentiments in Public Opinion 

 

Case Folding 
Case folding was applied as the initial text-cleaning step to convert all letters in the 

comment text into lowercase consistently. This standardization is necessary to prevent the 
system from treating identical words as different features due to variations in capitalization. 
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The resulting transformation ensures that all alphabetic characters follow a consistent standard 
format. 

 
    Table 2. Examples of Case Folding Results 

No Original Comment Text Case-Folded Text 

1 Model jelek Kwalitas buruk Harga Mahal model jelek kwalitas buruk harga mahal 

2 Iklan kudu Kencang iklan kudu kencang 

3 harga mahal croot harga mahal croot 

2 subsidi... tepat sasar!! subsidi tepat sasar 

 
Tokenization 

Tokenization was performed to split the cleaned comment sentences into individual 
word tokens. This process facilitates the analysis of word occurrences within each review by 
the classification algorithm. The frequency of key terms identified through the tokenization 
process is visualized using a WordCloud. 

 
    Table 3. Examples of Data Tokenization Results 

N
o 

Cleaning Results Tokenization Results 

1 iklan kudu kencang ['iklan', 'kudu', 'kencang'] 

2 subsidi tepat sasar ['subsidi', 'tepat', 'sasar'] 

 
 

 
Figure 3. WordCloud Visualization of Sentiment Categories (Positive, Negative, and Neutral) 

 
Feature Weighting (TF-IDF) 

The preprocessed text data were transformed into a numerical matrix using the Term 
Frequency-Inverse Document Frequency (TF-IDF) weighting method. Because TF-IDF was 
fitted exclusively on the training data (Section 3.2), the resulting feature space consisted of 
863 unique numerical features derived from the 1,060 training samples. This dimensionality is 
smaller than that obtained when TF-IDF is calculated from the entire corpus because the 
vocabulary was constructed solely from terms appearing in the 70% training data. The testing 
data (455 samples) were subsequently transformed using the same 863 features without 
generating a new vocabulary. 
 
Results of SVM Classification and Model Evaluation 

After hyperparameter optimization using GridSearchCV with a 5-fold cross-validation 
scheme, the optimal parameter combination was obtained as C=10, γ=0.1, and 
class_weight='balanced', with the highest cross-validation macro-F1 score of 0.574 on the 
original dataset without oversampling. These optimized parameters were then used as the 
basis for comparing the following four modeling schemes: 

1. Baseline - SVM using the tuned C and γ values without any explicit class-imbalance 
handling. 

2. SVM + Class Weighting - SVM using class_weight='balanced' to assign greater weights 
to minority classes during model training. 
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3. SVM + SMOTE - SVM trained on the oversampled training data using SMOTE while 
retaining the C and γ values obtained from hyperparameter tuning on the original data. 

4. SVM + SMOTE (Retuned) - SVM trained on the SMOTE-resampled training data, with 
C and γ re-optimized specifically for this scheme. The optimal parameters were C=100 
and γ=0.01, obtained using imblearn.pipeline.Pipeline. This approach ensured that the 
resampling process was independently performed within each cross-validation fold, 
thereby preventing data leakage into the validation data. 

A summary of the hyperparameter search results for the two data schemes (original 
and SMOTE) is presented in Table 4. 
 

Table 4. Summary of Hyperparameter Search Results (5-Fold Cross-Validation) 

Data Scheme C y class_weight F1-macro CV 

Original Data 10 0.1 balanced 0.574 

SMOTE Data (Leakage-
Free) 100 0.0.1 - 0.588 

 
Among the four schemes described above, the performance of each model was 

subsequently evaluated on the unseen test set, which had not been accessed by the models 
during training or hyperparameter optimization. The evaluation results are summarized in 
Table 5. 
 
       Table 5. Performance Comparison of the Four Model Schemes on the Test Set 

Model Akurasi Cohen's Kappa F1-macro F1-weighted 

Baseliine 0.7225 0.4681 0.5256 0.6999 

SVM + Classs Weighting 0.7077 0.4713 0.5833 0.7093 

SVM + SMOTE 0.7275 0.4916 0.5977 0.7203 

SVM + SMOTE (tuning 
ulang) 0.6967 0.4535 0.576 0.7001 

 
Based on Table 5, the SVM + SMOTE model (C=10, γ=0.1, trained on the oversampled 

training data) demonstrated the best overall performance among the four evaluated schemes, 
achieving an F1-macro score of 0.598 and Cohen's Kappa of 0.492. Therefore, this model was 
selected as the final model in this study, achieving an accuracy of 72.75% on the test set. The 
detailed per-class classification report for the final model is presented in Table 6. 
 

     Table 6. Per-Class Classification Report of the Final Model (SVM + SMOTE) 

Kelas Precision Recall F1-Score Support 

Negatif (-1) 0.779 0.835 0.806 261 

Netral (0) 0.344 0.256 0.293 43 

Positif (1) 0.713 0.675 0.694 151 

Macro avg 0.612 0.589 0.598 455 

Weighted avg 0.716 0.727 0.72 455 

 
 
 

Table 7. Confusion Matrix of SVM Classification Results 

Aktual / Prediksi Negatif Netral Positif 

Negatif 218 14 29 

Netral 20 11 12 

Positif 42 7 102 

Total Prediksi 280 32 143 
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Figure 4. Heatmap of the Sentiment Classification Confusion Matrix 

 
Compared with the results reported in the previous draft, in which the model achieved 

an accuracy of 78.1% (with TF-IDF calculated from the entire corpus before the data were 
split), the final model accuracy in this revised study is slightly lower at 72.75%. However, this 
decrease does not indicate that the model has become less effective. Rather, it is a 
consequence of the methodological improvements implemented in this study. In the previous 
draft, TF-IDF weighting was calculated using the entire dataset, including the test data, before 
the data were divided into training and testing sets. This resulted in data leakage, causing the 
evaluation score to be overly optimistic and not representative of the model's actual 
performance on unseen data. After the TF-IDF procedure was revised so that it was fitted 
exclusively on the training data (see Revised Section 3.2), the reported score became more 
reliable and accurately reflects the model's generalization capability when applied to new data. 

The validity of this methodological improvement can also be observed from the close 
relationship between the cross-validation macro-F1 score (0.588) and the test-set macro-F1 
score (0.576) for the retuned SMOTE scheme. The relatively small difference of approximately 
±0.01 indicates that the model validation process was conducted without data leakage, thereby 
providing more reliable evaluation results. 

Meanwhile, the Neutral class remained the lowest-performing class among the three 
sentiment categories, with an F1-score of only 0.293, substantially lower than the Negative 
class (0.806) and the Positive class (0.694). Nevertheless, a considerable improvement was 
observed compared with the Baseline scheme, which did not address class imbalance, where 
the F1-score for the Neutral class was only 0.075. This issue is discussed further in Sections 
4.8 and 5. 
 
Discussion 

Based on the series of computational processes conducted in this study, public 
opinions regarding electric vehicles were successfully classified using a dataset of 1,517 
comments collected from the YouTube platform. The sentiment analysis results indicate that 
public opinion was predominantly negative, accounting for 57.3% (869 comments), followed 
by positive sentiment at 33.2% (504 comments) and neutral sentiment at 9.5% (144 
comments). The high proportion of negative sentiment is consistent with findings indicating 
that limited public literacy regarding electric vehicles may directly contribute to the emergence 
of negative perceptions and resistance toward their adoption. Overall, the initial 
implementation of the RBF-kernel-based SVM classification model, using a 70:30 training-to-
testing data split, achieved an accuracy of 78.1%. 

Methodological improvements were subsequently implemented in the hyperparameter 
selection and class-imbalance handling stages. The C and γ parameters of the RBF kernel 
were determined through a systematic search using GridSearchCV with a 5-fold cross-
validation scheme rather than being selected arbitrarily. Thus, the selected parameter values 
were based on quantitative evidence and can be reproduced. Two class-imbalance handling 



Aurora Aulia1, Fernando Yunianda2, Bima Sanggraloka3, Jovi Satria4, Eko Prasetyo5, Rahmawati Febrifyaning Tias6 (2026). 
Smart Techno. Vol. 8(2) PP. 291-302 

 

  
 

Sentiment Analysis of Public Opinions…         301 

techniques were also directly compared, namely class weighting and SMOTE. Among the 
evaluated approaches, SMOTE demonstrated the best performance based on the F1-macro 
and Cohen's Kappa metrics. The selection of F1-macro as the primary evaluation metric, rather 
than relying solely on accuracy, was intended to ensure that the model's performance on the 
minority class (Neutral) was adequately considered rather than being dominated by its 
performance on the majority class (Negative). 

The performance achieved by the SVM algorithm addresses the research gap identified 
in the previous sections. While many previous studies extracted short reviews from Twitter or 
X without placing particular emphasis on the quality and cleanliness of raw text, this study 
demonstrates the ability to handle the greater linguistic complexity of YouTube comments, 
which generally contain longer and more diverse sentence structures. Unlike previous 
approaches that employed standard algorithms such as Naïve Bayes, K-Nearest Neighbor 
(KNN), and Decision Tree, whose classification accuracies varied across studies, this research 
demonstrates that extensive preprocessing optimization, including the normalization of 
automotive-related slang and informal language, can be effectively combined with the 
nonlinear classification capability of the SVM algorithm. This comprehensive approach 
improves the stability and precision of the model in handling the linguistic complexity of informal 
user-generated content compared with approaches that focus solely on algorithmic parameter 
tuning. 

 

5. CONCLUSION 

Although the model achieved a relatively high overall prediction accuracy, evaluation 
using the confusion matrix revealed several limitations in the classification process. The most 
prominent limitation was observed in the Neutral sentiment class, for which the model achieved 
a precision of only 34.4% and a recall of 25.6%. The reduced performance in recognizing the 
Neutral class was strongly influenced by the class imbalance in the dataset, as the Neutral 
class represented the minority class. 

This study evaluated two imbalance-mitigation techniques, namely class weighting and 
SMOTE. The results showed that SMOTE improved the performance of the Neutral class, with 
its F1-score increasing from 0.075 in the model without class-imbalance handling to 0.293. 
Nevertheless, the performance gap between the Neutral and majority classes was not 
completely eliminated. The class imbalance caused the model to become relatively biased 
toward the Negative class, which contained a substantially larger number of samples, making 
the classifier more sensitive to patterns associated with the majority class. 

Future studies are therefore recommended to explore other approaches for addressing 
class imbalance, such as advanced cost-sensitive learning techniques or expanding the 
dataset with additional accurately labeled Neutral samples. These approaches may further 
improve the model's ability to recognize minority-class sentiments and reduce the performance 
gap among sentiment categories. 
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