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Abstract  

 This study analyzes public sentiment in user comments on the X (Twitter) platform regarding the 

tragic fall of Brazilian hiker Juliana Marins on Mount Rinjani. A total of 1,006 comments were 

collected between June 21 and July 11, 2025 and processed through data labeling, text preprocessing, 

N-Gram feature extraction, and TF-IDF weighting. The Multinomial Naïve Bayes (MNB) algorithm 

was applied to classify sentiments into positive, negative, and neutral categories, while Random 

Oversampling (ROS) was used to address class imbalance. Model performance was evaluated using 

accuracy, precision, recall, and F1-score, resulting in an accuracy of 85% with neutral sentiment as 

the dominant category. Furthermore, the use of N-Gram features improved classification performance 

compared to models without N-Gram, demonstrating the effectiveness of combining MNB, TF-IDF, 

and N-Gram for sentiment analysis of social media data in crisis-related events. 
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1. Introduction  

The rapid development of information and communication technology has transformed social media into a primary 

platform for individuals to express opinions and respond to public issues in real time. One of the most widely used 

platforms for this purpose is X (formerly Twitter), which allows users to share information quickly through features 

such as hashtags, mentions, and retweets. 

 

A tragic incident involving the fall of Brazilian hiker Juliana Marins on Mount Rinjani attracted widespread public 

attention and generated diverse reactions on social media. These responses ranged from expressions of sympathy to 

criticism of safety systems, tourism management, and responsible authorities. Such reactions reflect public perception, 

which can be systematically analyzed using sentiment analysis techniques. 

 

Sentiment analysis, a subfield of Natural Language Processing (NLP), aims to classify textual data into sentiment 

categories such as positive, negative, and neutral. One of the widely used methods in sentiment classification is the 

Multinomial Naïve Bayes (MNB) algorithm, which is effective for text data due to its probabilistic nature and ability to 

handle word frequency features. 

 

Although many studies have applied MNB for sentiment analysis, this research contributes by analyzing a real-world 

crisis event and comparing model performance using N-Gram and without N-Gram features. This comparison provides 

additional insight into the importance of contextual feature representation in improving classification performance. 
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Therefore, this study aims to analyze public sentiment regarding the Juliana Marins tragedy on platform X using the 

Multinomial Naïve Bayes method, as well as to evaluate the impact of N-Gram feature extraction on classification 

performance. 

2. Method  

This study uses a sentiment analysis method with a text classification approach to determine netizens' opinions on an 

event on social media X (Twitter). Data is collected through a crawling process, then labeled with positive, negative, 

and neutral sentiments. Data processing stages include text preprocessing, feature extraction using N-Gram, and word 

weighting with TF-IDF. Next, the data is classified using the Multinomial Naïve Bayes algorithm with imbalanced data 

handling through Random Oversampling, and model performance is evaluated using a confusion matrix along with 

accuracy, precision, recall, and F1-score metrics. 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figur 1. Research Stages 

2.1. Data Collection 
In the data collection stage, this study collected tweets from the Twitter social media platform. Data were retrieved 

using the keyword "Juliana Fall Case on Rinjani" and covered the period from June 21, 2025, to July 11, 2025. Through 

this process, a total of 1,006 tweets were obtained. 

2.2. Text Preprocessing 
. Text preprocessing is an essential stage in text data analysis prior to the classification process. The purpose of this 

stage is to clean and normalize the data so that it becomes more structured and ready to be analyzed by the Multinomial 

Naïve Bayes algorithm. 

2.2.1 Cleaning 
Text cleaning aims to remove unnecessary characters from the text, such as punctuation marks, numbers, symbols, 

URLs, mentions (username), and other special characters. This process ensures that only important words remain for 

analysis and reduces noise in the dataset 

2.2.2 Case Folding 
Case folding converts all characters in the text to lowercase to ensure uniformity. This process treats words such as 

“Juliana” and “JULIANA” as the same entity (“juliana”), thereby reducing data redundancy and standardizing text 

representation. 

2.2.3 Tokenizing 
This process functions to split sentences into smaller units called tokens. Each token represents a single word unit in 

the text data, which will later be analyzed individually. For example, the sentence “juliana jatuh di rinjani” will be 

transformed into a list of tokens: [juliana, jatuh, di, rinjani]. Tokenization facilitates the identification of dominant words 

in comments. 

 



COmputing and INformation Systems Journal      

   Vol. 2, No. 1, April, 2026 

136 

2.2.4 Stopword Removal 
At this stage, common words that do not carry significant meaning in sentiment determination such as “yang,” “dan,” 

“di,” and “itu” are removed from the text. Stopword removal helps reduce noise in the data and improves the 

effectiveness of the analysis. 

2.2.5 Stemming 
Stemming aims to reduce words to their base or root form. For example, the words “membantu,” “dibantu,” and 

“terbantu” are transformed into “bantu.” This process is performed so that the analysis focuses on the core meaning of 

each word. 

2.3. N-Gram 
N-Gram is a feature extraction technique that represents text as sequences of contiguous words. In this study, unigram 

and bigram models were used to capture both individual terms and short contextual word patterns. 

 

2.4. TF-IDF 
To determine the importance of each term in the dataset, the extracted N-Gram features were weighted using the 

Term Frequency–Inverse Document Frequency (TF-IDF) method. 

The Term Frequency (TF) value represents how often a term appears in a document and is calculated as: 

𝑇𝐹𝑡,𝑑 =
𝑓𝑡,𝑑

∑  𝑓𝑑

 

Where 𝑓
𝑡,𝑑

 is the frequency of term 𝑡 in document 𝑑, and ∑ 𝑓
𝑑
 is the total number of terms in document 𝑑. 

The Inverse Document Frequency (IDF) value measures the rarity of a term across the entire dataset and is calculated 

as: 

𝐼𝐷𝐹𝑡 = log (
𝑁

𝑑𝑓𝑡

) 

Where 𝑁 is the total number of documents and 𝑑𝑓𝑡 is the number of documents containing term 𝑡. 

The final TF-IDF weight is obtained by multiplying TF and IDF: 

𝑇𝐹 − 𝐼𝐷𝐹𝑡,𝑑 = 𝑇𝐹𝑡,𝑑 × 𝐼𝐷𝐹𝑡 

 

2.5. Multinomial Naïve Bayes 
Sentiment classification was performed using the Multinomial Naive Bayes (MNB) algorithm. This algorithm is 

based on Bayes' theorem and calculates the probability of a document belonging to a particular class based on term 

frequencies. 

The posterior probability is calculated as: 

𝑃(𝑐 ∣ 𝑑) =
𝑃(𝑐) ∏  𝑃(𝑤𝑖 ∣ 𝑐)

𝑃(𝑑)
 

Where 𝑐 represents the sentiment class and 𝑤𝑖  represents the terms in document 𝑑. 

The prior probability of each class is calculated as: 

𝑃(𝑐) =
𝑁𝑐

𝑁
 

Where 𝑁𝑐 is the number of documents in class 𝑐, and 𝑁 is the total number of documents. 

The conditional probability of a term given a class is calculated using Laplace smoothing: 

𝑃(𝑤𝑖 ∣ 𝑐) =
𝑓𝑤𝑖,𝑐

+ 𝛼

∑  𝑓𝑐 + 𝛼|𝑉|
 

Where 𝑓𝑤𝑖,𝑐 is the frequency of term 𝑤𝑖  in class 𝑐𝑟|𝑉| is the vocabulary size, and 𝛼 is the smoothing parameter. 

 

To handle class imbalance, Random Oversampling (ROS) was applied during the training process by duplicating 

samples from minority classes until class distributions were balanced. 
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2.6. Confusion Matrix 
Model performance was evaluated using a confusion matrix, which compares predicted sentiment labels with actual 

labels. 

Accuracy was calculated as: 

 Accuracy =
𝑇𝑃 + 𝑇𝑁

𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁
 

 

Precision, Recall, and F1-score were calculated as follows: 

 Precision =
𝑇𝑃

𝑇𝑃 + 𝐹𝑃
 

 

 Recall =
𝑇𝑃

𝑇𝑃 + 𝐹𝑁
 

 

𝐹1-Score =
2 ×  Precision  ×  Recall 

 Precision +  Recall 
 

 

These metrics provide a comprehensive evaluation of the classification performance for each sentiment class. 

 

3. Results 

3.1. Data Collection and Sentiment Distribution 
A total of 1,006 comments were collected from the X (Twitter) platform through a crawling process using Google 

Colab. The collected data consist of various types of user responses related to the Juliana Marins tragedy. 

After manual labeling conducted by an NLP expert, the dataset was classified into three sentiment categories: 

negative (346 comments), positive (84 comments), and neutral (576 comments). The distribution shows that neutral 

sentiment dominates the dataset, indicating that most users expressed neutral opinions rather than explicit emotional 

responses. 

 

Figure 2. Crawled comment data from X platform 

 

 

Figure 3. Crawled comment data from X platform 

(7) 

(8) 

(9) 
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3.2. Text Preprocessing Results 
Text preprocessing was applied to all collected comments to reduce noise and normalize textual data. The 

preprocessing stages included cleaning, case folding, tokenizing, normalization, stopword removal, and stemming. 

These steps successfully transformed raw text into a structured format suitable for feature extraction and classification. 

 

Figure 4. Cleaning Results 

 

 

 

Figure 5. Tokenizing Results 

 

 

 

Figure 6. Stemming Results 

 

To illustrate the preprocessing process, Figure 3, Figure 4, and Figure 5 present the results of cleaning, tokenizing, 

and stemming, respectively. Other preprocessing steps, including case folding, normalization, and stopword removal,  

 

 

were applied to all data but are not visualized due to space limitations 

3.3. Feature Extraction and TF-IDF Weighting 
 After preprocessing, textual features were extracted using the N-Gram approach, consisting of unigram, bigram, and 

trigram combinations. This method allows the model to capture contextual information from sequences of words rather 

than relying solely on single terms. 
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TF-IDF weighting was then applied to determine the importance of each term within the document corpus. The TF-

IDF results indicate that terms frequently appearing in specific documents but rarely across the corpus obtained higher 

weights, making them more influential during classification. 

Figure 7. N-Gram feature extraction results 

3.4. Random Oversampling Results 

  Random Oversampling (ROS) was applied to address the class imbalance problem in the sentiment dataset. 

Before ROS, the distribution of sentiment classes was uneven, with one class dominating the dataset. After ROS, each 

sentiment class contained an equal number of samples (460 data per class), ensuring balanced class representation. 

 
Figure 8. Label distribution before ROS  

 
Figure 9. Label distribution after ROS  

 This balancing process enables the classification model to learn patterns from each class more proportionally 

and reduces bias toward the majority class. 

3.5. Multinomial Naïve Bayes Classification Results 

 The Multinomial Naïve Bayes classifier was trained using TF-IDF weighted N-Gram features. The dataset was 

divided into training and testing data with a 70:30 ratio. Model evaluation was conducted using a confusion matrix and 

standard performance metrics. 

The confusion matrix results show that the model correctly classified 125 negative, 91 neutral, and 135 positive 

comments. Overall, the classification performance demonstrates that the proposed model effectively distinguishes 

sentiment categories. 
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Figure 10. Implementation of Multinomial Naïve Bayes 

 

 

Figure 11. Confusion matrix results 

3.6. Performance Comparison: With N-Gram vs Without N-Gram 

  To evaluate the impact of N-Gram feature representation, model performance was compared between using N-

Gram and without using N-Gram. The evaluation results indicate that the model with N-Gram achieved better 

performance across all metrics. 

 

Figure 12. Evaluation results using N-Gram features 
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Figure 13. Evaluation results without N-Gram features 

The comparison results are summarized in Table 1. 

Table 1. Performance comparison with and without N-Gram 

Model Accuracy Precision Recall F1-Score 

With N-Gram 0.85 0.85 0.85 0.84 

Without N-Gram 0.69 0.80 0.79 0.79 

 

3.7. N-Gain Analysis 

  To quantitatively measure the improvement achieved by applying N-Gram features, N-Gain analysis was 

performed based on the comparison between the model with N-Gram and without N-Gram.The N-Gain results 

summarize the performance improvement observed after introducing contextual feature representation. As illustrated in 

the N-Gain figure, the obtained N-Gain value indicates a measurable performance increase from the baseline model 

(without N-Gram) to the enhanced model (with N-Gram). The N-Gain value falls into the moderate category, indicating 

that the use of N-Gram features provides a meaningful improvement in sentiment classification performance compared 

to the model without N-Gram. 

4. Conclusion 

This study analyzed netizens’ comments on the tragedy of Juliana Marins’ fall on Mount Rinjani using the X 

application and the Multinomial Naïve Bayes method. Data collection and preprocessing—including cleaning, case 

folding, tokenization, stopword removal, and stemming—were successfully performed, and the data were represented 

using N-Gram and TF-IDF for optimal sentiment analysis. The Multinomial Naïve Bayes algorithm achieved an 

accuracy of 85%, precision of 85%, recall of 85%, and F1-Score of 84%, demonstrating effective classification of 

comments into positive, negative, and neutral sentiments, with neutral being the most dominant. 
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