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1. INTRODUCTION

Social media X (formerly Twitter) has become an important digital public sphere where public opinion
on social issues is rapidly formed and disseminated through large-scale interactions. Its real-time and open
characteristics make it a valuable source for analyzing public sentiment dynamics. However, social media data
also contain challenges such as informal language, semantic ambiguity, rapid topic shifts, and the presence of
bots, all of which may affect the reliability of sentiment signals [1], [2], [6], [7]. Therefore, robust sentiment
analysis methods are needed to better understand public responses in online environments.

Sentiment analysis is a branch of text mining and natural language processing that aims to classify
opinions or emotional expressions in textual data into categories such as positive, neutral, and negative [1], [2].
In social media studies, sentiment analysis has been widely applied to examine public reactions to political,
social, and cultural issues because these platforms provide large volumes of real-time user-generated content
[5], [15]. The quality of sentiment classification is influenced by several factors, especially preprocessing,
feature representation, and classifier selection [4], [5]. In this context, Bag-of-Words (BoW) with
CountVectorizer remains a commonly used representation because of its simplicity, interpretability, and
compatibility with classical machine learning algorithms [10], [20].

Among classical classification methods, Multinomial Naive Bayes and Support Vector Machine
(SVM) are widely used for sentiment analysis. Naive Bayes is often applied as a probabilistic baseline because
it is simple and efficient, while SVM is known for its strong discriminative performance on high-dimensional
sparse text data [19], [21], [22]. Although previous studies have compared these methods across various
sentiment analysis contexts, many were conducted with different datasets, preprocessing pipelines, feature
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representations, and evaluation settings, making direct comparisons difficult [12], [19], [21], [22]. In addition,
limited studies have specifically examined Indonesian-language public sentiment regarding the Affan
Kurniawan case, which attracted broad discussion on social media X and reflected diverse public opinions [9].

Based on this gap, this study analyzes public sentiment regarding the Affan Kurniawan case on social
media X by comparing Multinomial Naive Bayes and linear SVM (LinearSVC) on the same dataset,
preprocessing pipeline, Bag-of-Words representation, and evaluation framework. The objectives of this study
are to identify sentiment distribution, compare the performance of both classifiers, and evaluate their
classification consistency across sentiment classes. This study contributes by providing a fair and systematic
comparison of probabilistic and margin-based classifiers, and by offering empirical evidence on public
sentiment patterns toward a contemporary social issue on social media X [13], [14], [24].

2. RESEARCH METHOD

This study employs a quantitative design with a computational-experimental approach to analyze
public sentiment toward the Affan Kurniawan social issue on social media X. This design was selected because
it aligns with the objectives of the study, namely to identify sentiment distribution, compare the performance
of Multinomial Naive Bayes and linear SVM (LinearSVC), and assess classification consistency under a
uniform evaluation scheme. A machine-learning-based sentiment analysis approach was chosen because it
enables large-scale text data to be processed systematically, objectively, and efficiently, making it suitable for
examining trends in public opinion on social media platforms [15]. Previous studies also indicate that sentiment
analysis on social media is effective for understanding public responses to social issues and public policies
[15].

To ensure methodological clarity, transparency, and replicability, the research procedure was
organized into several sequential stages, as illustrated in Figure 1. The workflow begins with data collection
and cleaning, followed by text preprocessing, sentiment labeling, feature extraction, model development, and
performance evaluation. This sequence was designed to ensure that each stage directly supports the research
objectives and that the comparison between classification models is conducted under the same experimental
conditions.
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Figure 1.Research Flow

The first stage was data collection and storage. Public posts on social media X related to the Affan
Kurniawan case were collected using a keyword-based crawling approach. Only Indonesian-language posts
were retained for analysis, and the retrieved data were stored in CSV format. This approach was selected
because public posts on X provide real-time, large-scale textual data that can reflect public responses to social
issues [10], [17]. In addition, transparency in the data collection process is important because recent changes
in Twitter/X data-access policies have implications for sampling, reproducibility, and research limitations [17].

The second stage was initial data cleaning. The raw dataset consisted of 10,624 records. Empty entries
and duplicate posts with identical text content were removed using dropna and drop_duplicates on the text
column. This step was necessary to improve data quality, reduce redundancy, and increase dataset
representativeness before further processing. After cleaning, the dataset was reduced to 7,431 valid records.
The cleaned dataset was considered more suitable for sentiment analysis because it excluded non-informative
and repeated entries that could bias model learning.

The dataset used in this study consists of textual content and supporting metadata such as timestamps,
interaction counts, user identifiers, and tweet URLs. It also includes preprocessing output columns and
sentiment labels generated during the analysis pipeline. A summary of the dataset characteristics is presented
in Table 1.

Table 1. Dataset overview

Component Description
Public posts on social media X related to keywords for the Affan
Kurniawan case.
Dataset file name affan_kurniawan.csv
Initial (raw) records 10,624 entries.

Data Source
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Component Description
Removing duplicate and empty text records (drop_duplicates +
dropna on the text column).
Records after cleaning 7,431 entries.
28 August 2025-02 September 2025 (based on the crawling time-
window parameters in the notebook).

Language Indonesian (filtered by the language column).

Main fields tweet_id, created_time, text, like_count.

reply_count, retweet_count, quote_count, tweet_url, user_id,
username, image_url, location, reply_to_user.

Cleaning process

Data collection period

Key metadata fields

Preprocessing output columns (in the cleaning, case_folding, normalisasi, tokenize, stopword removal,
notebook) stemming_data.
Sentiment labels positive/ negative/ neutral (automatic lexicon/rule-based labeling).
Label distribution (after labeling) Positive: 1,395; Negative: 3,735; Neutral: 2,301 (total 7,431).
Training-testing data split Train-test split — 80:20 — training: 5,944; testing: 1,487.

Table 1 shows that the dataset consists of 7,431 cleaned records collected from 28 August 2025 to 02
September 2025 and labeled into three sentiment classes: negative, neutral, and positive. The data are
imbalanced, with negative sentiment as the dominant class, followed by neutral and positive. Because this
imbalance may affect classification performance, the evaluation in this study uses not only accuracy but also
precision, recall, and F1-score to provide a more balanced assessment across classes [23].

The next stage was text preprocessing, which was carried out to reduce noise and standardize the data
before feature extraction. The preprocessing steps included cleaning, case folding, normalization, tokenization,
stopword removal, and stemming using the Sastrawi library. These steps are important in sentiment analysis
of social media text because user-generated content often contains informal, abbreviated, and non-standard
language [4], [5]. After preprocessing, the texts were automatically labeled into negative, neutral, and positive
classes using a rule-based lexicon approach. This method was selected because it enables efficient annotation
of large-scale data, though it may also introduce label noise, a limitation recognized in the study [18].

The preprocessed text was then transformed into numerical form using the Bag-of-Words (BoW)
model with CountVectorizer. This representation was chosen because it is simple, interpretable, and compatible
with classical classification algorithms such as Naive Bayes and SVM, making it suitable for a consistent
comparison of model performance [19], [20].

Conloh twast {diambll dari dataset) Praprocessing (rontoht .
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Figure 2. Feature representation using Bag-of-Words

The preprocessed text was converted into numerical vectors using the Bag-of-Words (BoW) model
with CountVectorizer. In this representation, each document is transformed into a structured vector based on
term frequency, yielding high-dimensional, sparse features suitable for classical text classification methods
such as Multinomial Naive Bayes and LinearSVC [19], [20]. By applying the same BoW representation to both
models, this study ensures that the comparison focuses on differences in the classification algorithms rather
than differences in feature engineering.

After feature extraction, the dataset was split into training and test sets using an 80:20 train—test
stratified split (random_state = 42). Stratification was used to maintain the original class proportions in both
subsets, which is important given the dataset's imbalance. This process yielded 5,944 training records and 1,487
test records, enabling the models to be evaluated on unseen data with comparable class distributions.

Two classification algorithms were then implemented and compared: Multinomial Naive Bayes and
linear Support Vector Machine (LinearSVC). Multinomial Naive Bayes was selected as a probabilistic baseline
because of its simplicity, efficiency, and suitability for word-frequency features, while LinearSVC was chosen
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because of its strong performance on high-dimensional sparse text data [21], [22]. Using the same dataset,
preprocessing steps, feature representation, and evaluation framework allowed a fair and controlled comparison
between the two methods.

Model performance was evaluated on the test set using accuracy, precision, recall, and F1-score. In
addition, macro-average and weighted-average F1-scores were reported to provide a more balanced assessment
of performance across imbalanced sentiment classes. Confusion matrices were also used to examine
classification errors for each class in greater detail [23]. Overall, the methodology was designed to ensure a
fair, valid, and reproducible comparison between the two models.

3. RESULTS AND ANALYSIS

This section presents the results of sentiment classification on public posts related to the Affan
Kurniawan case on social media X and provides an analytical interpretation of the findings. The evaluation
was conducted on unseen test data obtained from an 80:20 train—test split, while text features were represented
using Bag-of-Words (BoW) with CountVectorizer. This feature representation produces high-dimensional
vectors that are suitable for classical text classification models such as Naive Bayes and SVM and is widely
used in Twitter/X sentiment analysis studies, particularly when the objective is to compare classifier
performance under a consistent representation scheme [10].

Before comparing model performance, it is important to examine the sentiment composition of the
dataset. As shown in Table 2, the dataset consists of 7,431 labeled posts, with negative sentiment as the
dominant class, followed by neutral and positive sentiment. Specifically, 3,735 posts (50.26%) were labeled as
negative, 2,301 posts (30.96%) as neutral, and 1,395 posts (18.77%) as positive. This distribution indicates that
public discourse surrounding the Affan Kurniawan case on X was predominantly negative during the
observation period. The dominance of negative sentiment suggests that the issue generated stronger critical,
emotional, or disapproving responses than supportive or neutral reactions.

Table 2. Sentiment class distribution

Sentiment class Count (n) Percentage (%)
Negative 3.735 50.26
Neutral 2.301 30.96
Positive 1.395 18.77
Total 7.431 100.00

The class distribution shown in Table 2 also indicates that the dataset is imbalanced. This condition
is important because imbalanced data can bias evaluation results when model performance is assessed solely
by accuracy. For this reason, this study emphasizes not only accuracy but also macro-average precision, recall,
and F1-score, as well as confusion matrix analysis, to ensure a fairer interpretation of model performance across
all sentiment classes [24]. This analytical approach is necessary because a model may appear accurate overall
while performing poorly on minority or more ambiguous classes.

The comparative results show that SVM (LinearSVC) outperformed Multinomial Naive Bayes under
the same feature representation and evaluation framework. As presented in Table 3, SVM achieved an accuracy
of 0.826, whereas Naive Bayes reached 0.745. More importantly, SVM also achieved a substantially higher
macro F1-score (0.759) than Naive Bayes (0.579). This difference confirms that SVM not only performed
better overall but also achieved more balanced classification across sentiment classes. In contrast, the lower
macro F1-score of Naive Bayes indicates weaker performance in handling minority or less distinct classes,
despite showing acceptable results on the dominant class.

Table 3. Modeling Naive Bayes and Support Vector Machine

Modeling Class Accuracy Precision Recall F1-Score
negatif 0.800 0.889 0.842
" netral 0.581 0.210 0.309
(Mﬁiﬁr?%\lss) positif 0.745 0.525 0.665 0.586
macro avg 0.635 0.588 0.579
weighted avg 0.730 0.745 0.720
negatif 0.896 0.879 0.887
netral 0.616 0.681 0.647
SVM (LinearSVC) positif 0.826 0.757 0.727 0.742
macro avg 0.756 0.762 0.759
weighted avg 0.831 0.826 0.828

A closer examination of class-wise results further clarifies the difference between the two models. For
the negative class, both models performed relatively well, but SVM still achieved higher precision and
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competitive recall, resulting in a stronger F1 Score. The most significant gap appears in the neutral class. Naive
Bayes produced very low recall and F1-score for neutral data, indicating that it had difficulty distinguishing
neutral posts from negative ones. By contrast, SVM showed a much better ability to classify neutral posts,
suggesting that it was more robust in handling sentiment boundaries that are less explicit and more context-
dependent. In the positive class, SVM also performed more consistently, with higher precision, recall, and F1-
score than Naive Bayes. These findings demonstrate that the superiority of SVM is not limited to aggregate
metrics, but is also reflected at the class level.

The confusion matrices in Figure 3 provide further evidence of these patterns. For Naive Bayes, the
model correctly classified 937 of 1,054 negative instances, but its performance dropped substantially for the
neutral class, where only 54 of 257 instances were correctly predicted. Most neutral instances were
misclassified as negative, indicating that Naive Bayes tended to favor the majority class when facing
ambiguous or overlapping lexical patterns. The positive class also showed substantial misclassification into the
negative class. This pattern suggests that the probabilistic assumptions of Naive Bayes, particularly the
assumption of feature independence, may be less effective for short and noisy social media texts where
sentiment expressions are often overlapping and context-sensitive.

Naive Bayes Confusion Matrix SVM Confusion Matrix
g g
= 35 82 B - 9 34
g g
2 2
T < = ¢
25 179 54 24 2=- 75 175 7
X8 28
g B
= 55 4 117 = 33 15 128
2 9]
=4
Negative Positive Neutral Negative Positive Neutral
Predicted Predicted

Figure 3 - Confusion matrix Naive Bayes & SVM

In contrast, SVM produced a more balanced classification pattern, especially for the neutral class. The
number of correctly classified neutral instances increased substantially from 54 in Naive Bayes to 175 in SVM.
This improvement is particularly important because neutral sentiment is often the most difficult class to detect
in social media data, given that it may contain factual or informational expressions with limited emotional
markers. The stronger neutral-class performance of SVM indicates that margin-based classification is more
effective than a simple probabilistic baseline for separating subtle class boundaries in high-dimensional text
representations. This finding is consistent with previous comparative studies reporting that SVM often
outperforms Naive Bayes in BoW-based sentiment classification tasks [19].

Overall, these findings indicate that under the same BoW-CountVectorizer configuration and
evaluation scheme, SVM provides a stronger and more reliable baseline than Multinomial Naive Bayes for
sentiment classification on Indonesian-language social media data. From a methodological perspective, this
result highlights that classifier choice has a substantial impact on performance even when the feature
representation and dataset are held constant. This is an important contribution because it confirms that
performance differences are attributable mainly to the models' learning mechanisms rather than to differences
in preprocessing or feature engineering.

From a substantive perspective, the dominance of negative sentiment also provides insight into the
public response to the Affan Kurniawan case. The findings suggest that the issue was received more critically
than positively, reflecting a digital discourse environment shaped by strong reactions, judgments, and
emotional engagement. This implies that sentiment analysis on social media can serve not only as a technical
classification task but also as an analytical tool for understanding how social issues are perceived and amplified
in online public spaces.

The practical implication of this study is that SVM is a more appropriate baseline model for
monitoring public sentiment on social media X, especially in cases involving imbalanced sentiment classes and
high lexical variation. For researchers, the results emphasize the importance of using multiple evaluation
metrics rather than relying solely on accuracy. For practitioners or institutions monitoring public opinion, the
findings suggest that selecting a model with stronger performance on minority classes is essential to avoid
misleading interpretations of public sentiment dynamics.
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However, the results should be interpreted in light of several limitations. First, the sentiment labels
were generated automatically using a rule-based lexicon approach, which may introduce labeling noise [18].
Second, the dataset was limited to a specific time window, so the findings reflect only the observed period and
may not capture longer-term sentiment dynamics. Third, the BoW representation cannot capture sarcasm,
implicit meaning, or deeper contextual relationships between words. Fourth, public discourse on X may be
influenced by bots or inauthentic accounts, which can affect both sentiment distribution and the interpretation
of observed opinion patterns [6]. These limitations do not invalidate the findings, but they indicate that the
results should be understood as a structured baseline rather than a complete representation of public opinion.

Based on these findings, future research is recommended to improve label quality through manual or
hybrid annotation, address class imbalance through resampling or class-weighting techniques, compare BoW
with alternative feature representations such as TF-IDF or n-grams, and optimize classifier parameters through
hyperparameter tuning and cross-validation [24]. In addition, integrating bot-detection or authenticity-filtering
would improve the reliability of sentiment analysis results by reducing discourse distortion from automated
accounts [6]. These improvements would strengthen both the methodological robustness and the practical
relevance of future sentiment analysis studies on social media.

POSITIVE | 1395 tweet NEGATIVE | 3735 tweet NEUTRAL | 2301 tweet

al fatihahsolidaritas I . l . PMMI nmum atas

doatenang X enlnggal a a =

tuntas korban “untuk

keadilan

usut tuntas

Figure 4. Wordcloud per sentiment class

Figure 4 complements the classification results by visually presenting dominant terms across
sentiment classes. Although word clouds are descriptive rather than inferential, they help illustrate the lexical
tendencies associated with negative, neutral, and positive posts. This visualization supports the interpretation
that public discourse was dominated by negative expressions, while also containing informational and
supportive language across other sentiment categories.

4. CONCLUSION

This study examined public sentiment on social media X regarding the Affan Kurniawan case by
applying text preprocessing, lexicon-based sentiment labeling, Bag-of-Words feature representation with
CountVectorizer, and classification using Multinomial Naive Bayes and Support Vector Machine (SVM) [25].
In line with the research objectives, the study first identified the distribution of sentiment in the dataset and
found that public discourse was dominated by negative sentiment, followed by neutral and positive sentiment.
This finding indicates that the Affan Kurniawan case generated a predominantly critical public response on X,
reflecting strong emotional reactions and public disapproval toward the issue and its handling [25].

Second, this study compared the performance of Multinomial Naive Bayes and SVM under the same
dataset, preprocessing pipeline, feature representation, and evaluation framework. The results show that SVM
outperformed Naive Bayes in both overall accuracy and macro F1-score, indicating that SVM provides a
stronger, more balanced classification model for Indonesian-language social media sentiment analysis. In
particular, SVM performed better at classifying neutral and positive sentiments, whereas Naive Bayes tended
to misclassify minority or ambiguous classes as the dominant negative class [24]. This finding confirms that
classifier selection has a substantial effect on sentiment classification performance, even when all other
experimental settings are controlled.

Third, this study demonstrated the importance of using a uniform evaluation scheme in order to obtain
a fair comparison between classification methods. The use of accuracy, precision, recall, F1-score, and
confusion matrices allowed the study to evaluate not only aggregate performance but also class-specific
prediction errors [24]. This is especially important for imbalanced social media datasets, where relying solely
on accuracy may lead to misleading conclusions about model effectiveness.

The main contribution of this study lies in three aspects. Empirically, it provides evidence of how
public sentiment toward a social issue is distributed and expressed on social media X. Methodologically, it
offers a transparent comparison between Naive Bayes and SVM under the same Bag-of-Words representation
and evaluation design. In practice, it shows that SVM is more suitable as a baseline model for monitoring
public sentiment in fast-evolving, imbalanced social media environments [25].

However, the findings should be interpreted with caution. The sentiment labels were generated
automatically using a lexicon-based approach, which may introduce labeling noise. In addition, the dataset was
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limited to a specific time period and may not fully capture longer-term sentiment dynamics. The possible
influence of bots or inauthentic accounts may also affect observed sentiment patterns and interpretations of
public discourse [6]. These limitations indicate that the present findings should be understood as a structured
baseline rather than a final representation of public opinion.

For future research, several concrete directions are recommended. First, label quality should be
improved through manual or hybrid annotation to reduce noise and better capture sarcasm, ambiguity, and
implicit meaning [25]. Second, future studies should compare Bag-of-Words with richer feature
representations, such as TF-IDF, n-grams, word embeddings, or transformer-based models, to assess whether
contextual representations can improve classification performance. Third, methodological robustness can be
strengthened through hyperparameter tuning, cross-validation, and class-balancing techniques such as
resampling or class weighting [24]. Fourth, future research should incorporate bot detection or authenticity
filtering to reduce discourse bias and improve the validity of sentiment interpretation on social media X [6].
Finally, extending the observation period and comparing multiple social issues may provide broader insight
into how public sentiment evolves over time and across contexts.

Overall, this study demonstrates that sentiment analysis can serve as both a computational and
analytical tool for understanding digital public opinion. By showing that SVM performs more reliably than
Naive Bayes under controlled experimental conditions, this research provides a clear methodological direction
for future sentiment analysis studies on Indonesian social media data and contributes to the development of
more robust approaches for analyzing public discourse in online environments.
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