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In the era of digital communication, sentiment analysis on social
media platforms provides businesses with valuable insights into public
perception. This research aims to classify public sentiment toward
CGV cinemas in Indonesia through tweets collected from Social
Media X using the Naive Bayes algorithm. A total of 4,000 tweets were
preprocessed through a series of text normalization techniques,
including tokenization, stop word removal, and stemming. Text
features were transformed using the TF-1DF method. The Naive Bayes
classifier was trained and evaluated using an 80:20 train-test split.
Experimental results showed an overall classification accuracy of
38.05%, with the model performing significantly better on positive

sentiments (F1-score: 0.538) than on neutral and negative ones. These
findings highlight the capability and limitations of traditional
probabilistic classifiers when dealing with short, noisy textual data in
multilingual social contexts. This study contributes to applied
sentiment analysis and offers a baseline for future comparison with
more sophisticated models
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1. INTRODUCTION

In recent years, the expansion of digital communication platforms has dramatically shifted the landscape
of public feedback collection. Social media platforms—particularly X (formerly Twitter)—have become
valuable sources for analyzing real-time public sentiment, as demonstrated in multilingual and regional
sentiment studies [2], [6]. One such provider is CGV Cinemas Indonesia, which has garnered a considerable
volume of user-generated commentary online. These sentiments, if properly analyzed, can serve as a critical
feedback loop for marketing, service improvement, and strategic decision-making.

Sentiment analysis, a subdomain of Natural Language Processing (NLP), focuses on determining the
polarity of text and has been extensively applied in low-resource languages such as Indonesian and Malay [1],
[7]. In the context of social media, this process faces additional challenges due to informal language,
multilingual content, abbreviation use, and sarcasm. Despite these difficulties, sentiment analysis continues to
gain traction in analyzing brand perception and public opinion.

Previous studies have widely employed traditional classifiers like K-Nearest Neighbors and Naive Bayes
in social media contexts due to their effectiveness in classifying short-text data [5], [8]. However, such models
can struggle with high-dimensional and sparse feature spaces, which are common in textual data. To address
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this issue, the present study explores the use of the Naive Bayes algorithm, a probabilistic model known for its
robustness in text classification tasks, particularly when dealing with short messages like tweets.

algorithm. A lexicon-based labeling strategy is utilized to annotate the dataset, while TF-IDF (Term
Frequency—Inverse Document Frequency) is used for feature extraction. The research seeks to answer the
following questions:

1. How effective is the Naive Bayes algorithm in classifying user sentiment towards CGV?

2. What are the strengths and limitations of the classifier based on evaluation metrics?

3. Can the resulting model serve as a baseline for future studies involving deep learning or aspect-based
sentiment analysis?

This paper contributes to the growing body of work on Indonesian-language sentiment analysis by
offering insights from a domain-specific dataset (CGV Cinema discussions), while also highlighting the
applicability of classical models in baseline evaluations. The results may benefit researchers, marketers, and
cinema operators seeking actionable public feedback in real-time.

2. METHOD

This section outlines the overall methodology of the study, including data acquisition, preprocessing,
feature extraction, classification using the Naive Bayes algorithm, and evaluation metrics. The research
workflow is illustrated in Figure 1.
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Figure 1. Research Workflow for Sentiment Classification Using Naive Bayes

2.1. Data Collection

The dataset was obtained through the Twitter API, targeting Indonesian-language tweets that mention
CGYV or related keywords such as “CGV Indonesia,” “nonton CGV,” and “bioskop CGV.” The collection
period spans from March to June 2024, resulting in a total of 4,000 raw tweets. Only publicly available tweets
were included in compliance with Twitter's data usage policies.
2.1. Data Collection
The dataset was obtained through the Twitter API, targeting Indonesian-language tweets that mention CGV
or related keywords such as “CGV Indonesia,” “nonton CGV,” and “bioskop CGV.” The collection period
spans from March to June 2024, resulting in a total of 4,000 raw tweets. Only publicly available tweets were
included in compliance with Twitter's data usage policies.
2.2. Data Preprocessing
Preprocessing is critical to prepare the unstructured tweet data for effective classification. The following
steps were applied using Python and the Sastrawi/NLTK libraries:

1. Case Folding: All text was converted to lowercase.

2. Noise Removal: Mentions, hashtags, URLSs, and non-alphanumeric characters were stripped.

3. Tokenization: Text was split into individual word tokens.
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4. Normalization: Slang and informal expressions were converted to their standard form.
5. Stopword Removal: Common, non-informative words (e.g., “yang”, “dan”) were removed.
6. Stemming: Words were reduced to their root form using the Sastrawi stemmer.

Table 1. Example of Raw Tweet vs Preprocessed Tweet

Tweet Type Text Example
Raw Tweet “@CGV_ID Mingdep masih ada ga yaa?? Mau nonton~"
Cleaned Tweet “mingdep yaa nonton lagi”

2.3. Sentiment Labelling

Since no labeled dataset was available, sentiment labels were generated using a lexicon-based
approach. A custom Indonesian sentiment lexicon was applied, assigning a label of positive, neutral, or
negative to each tweet based on the presence and frequency of sentiment-bearing words.
2.4. Feature Extraction: TF-IDF

The cleaned tweets were transformed into numerical feature vectors using the TF-IDF (Term
Frequency-Inverse Document Frequency) method. This technique assigns weights to terms that are
frequent in a tweet but rare across the corpus, enhancing discriminatory power for classification.
2.5. Classification: Naive Bayes Algorithm

The classification task was conducted using the Multinomial Naive Bayes algorithm, which is
particularly effective for discrete data like word counts and TF-IDF scores. The model estimates the posterior
probability of a class given the words in a tweet, assuming feature independence.

The dataset was split into training and test sets using an 80:20 ratio. The model was trained on the TF-

IDF matrix and corresponding sentiment labels.
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Figure 2. Naive Bayes Pseudocode or Formula Diagram

2.6. Evaluation Metrics
Model performance was assessed using the following metrics:
1. Accuracy: The proportion of correctly predicted labels.
2. Precision: The ratio of correctly predicted positive observations to total predicted positives.
3. Recall: The ability of the model to find all relevant cases within a class.
4. F1-Score: The harmonic mean of precision and recall.
5. Confusion Matrix: Visual representation of model errors per class.
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These metrics provide a holistic understanding of how well the classifier distinguishes among positive,
negative, and neutral sentiments

RESULTS AND DISCUSSION (10 PT)

This section presents the experimental results of the sentiment classification model and discusses the
performance of the Naive Bayes algorithm in identifying user sentiment towards CGV Cinemas based on
tweets collected from Social Media X.

3.1. Classification Performance
The Naive Bayes classifier was evaluated using standard performance metrics: precision, recall, and
F1-score. The model demonstrated strong performance in identifying positive sentiment, achieving an F1-
score of 0.54 and a recall of 0.83 (Table 2). However, its ability to detect negative and neutral sentiments was
limited, with both categories yielding F1-scores below 0.15.
Table 1. Evaluation Metrics for Naive Bayes Classifier on CGV Sentiment Tweets

Sentiment Class Precision Recall F1-Score
Negative 0.31 0.05 0.09
Neutral 0.28 0.1 0.14
Positive 0.4 0.83 0.54

The disparity in performance across classes is likely due to two factors:
1. Imbalanced sentiment distribution, where positive sentiment dominates the dataset.
2. Lexicon-based labeling noise, which may lead to ambiguous or incorrect class assignments,
particularly for tweets with neutral tone.
The confusion matrix in Figure 3 further supports this conclusion. A large proportion of negative and neutral
tweets were misclassified as positive, indicating that the classifier tends to overpredict the majority class.
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Figure 3. Confusion Matrix of Naive Bayes Classification
(A high number of misclassifications is seen in the top-left and middle-left cells, where true negative and
neutral tweets are labeled as positive)
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3.2. Interpretation and Error Analysis
An error analysis reveals that many misclassified tweets contain mixed expressions, sarcasm, or
informal language that lexicon-based labeling fails to capture correctly. For example, a tweet like:

“Filmnya bagus sih, tapi pelayanannya seperti mimpi buruk.”
(“The movie was good, but the service was a nightmare.”)

is likely to be labeled as neutral or negative by a human, but may be misclassified due to the presence of
positive keywords (e.g., “bagus”).

This highlights a known limitation of the Naive Bayes assumption of feature independence,
which ignores context and multi-sentiment expressions in a single tweet. While the TF-IDF approach helps
weight distinctive words, it does not compensate for semantic ambiguity.
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3.3. Comparative Baseline and Future Directions
Despite its limitations, the Naive Bayes classifier provides a valid and interpretable baseline for
sentiment analysis in Bahasa Indonesia. Future research could improve classification by:
1. Incorporating deep learning models (e.g., LSTM, BERT multilingual) for better semantic
understanding.
2. Implementing aspect-based sentiment analysis (ABSA) to separate opinions on movies vs.
services.
3. Applying oversampling or class-balancing techniques like SMOTE to improve performance on
underrepresented classes.

CONCLUSION

This study explored the application of the Naive Bayes algorithm for classifying user sentiment toward
CGV Cinemas based on tweets collected from Social Media X. Through a lexicon-based labeling approach
and TF-IDF feature extraction, the model was trained and evaluated on a dataset of 4,000 Indonesian-language
tweets.

The experimental results revealed that the Naive Bayes classifier performs reasonably well in
detecting positive sentiment (F1-score: 0.54), but struggles to distinguish between neutral and negative
classes, primarily due to data imbalance and the inherent limitations of probabilistic models in handling
semantic nuance.

Despite these challenges, the Naive Bayes algorithm proved to be a computationally efficient and
interpretable baseline for sentiment analysis tasks in low-resource language contexts. This research serves as
a foundation for future work involving more sophisticated models such as Support Vector Machines, deep
learning architectures (e.g., LSTM, BERT), or hybrid lexicon-machine learning approaches.

Ultimately, the insights generated through sentiment classification can aid cinema operators like CGV
in understanding customer feedback and adapting their services to meet audience expectations more
effectively.
of the fashion industry
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