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Abstract: Social media X (Twitter) has become the main platform for the Indonesian public to express
opinions, including on the trend of 'kabur aja dulu' (let's just run away for a bit). This research aims to
classify the sentiments of the public using the Naive Bayes and Support Vector Machine (SVM)
methods, and to compare the accuracy of both in sentiment analysis. Data was collected via the Twitter
API with the hashtag #kaburajadulu, resulting in 2,067 tweets, which, after the cleansing process and
manual labeling, left 385 data points. The analysis process followed the CRISP-DM stages, which
include business understanding, data understanding, data preparation, modeling, evaluation, and
deployment. Model evaluation was conducted using a confusion matrix with accuracy, precision, and
recall metrics. The classification results show that 82% of tweets have a positive sentiment and 18%
negative. The Naive Bayes algorithm achieved an accuracy of 86.49%, slightly lower than SVM, which
reached 88.05%. In conclusion, Support Vector Machine is more effective in sentiment classification
on public opinion data. This research contributes to the digital mapping of public opinion and
recommends the development of automatic labeling methods as well as the exploration of advanced
algorithms in the future.

Keywords: Naive Bayes; Public Opinion Monitoring; Sentiment Analysis; Social Media X; SVM.

1. Introduction

The rapid development of information technology has brought significant changes in
the way people communicate and express their opinions. Today, social media has become an
inseparable part of daily life, serving as a platform for communication, information sharing,
and opinion expression. The use of social media can generate both positive and negative
impacts on individuals and society (Rahman et al, 2021). One consequence of this
development is the increasing use of social media as the primary medium for people to
express opinions, emotions, and responses to various events. Social media platform X
(formerly known as Twitter) is among the most widely used platforms for openly, quickly,
and real-time sharing of public opinions.

Between February 2025 and July 2025, a popular trend emerged on social media X under
the phrase “kabur aja dulu” (“just run away first”). This trend was widely used by users to
express attitudes or responses toward situations perceived as unfavorable, stressful, or
confusing. The trend represents an interesting social phenomenon because it reflects how
people respond to ongoing social, political, and cultural dynamics. However, the meaning
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behind its usage varies considerably depending on the context and emotional tone of the
users, making a deeper analysis necessary to understand the sentiments embedded within the
trend.

Sentiment analysis is the process of identifying and classifying users’ opinions or feelings
toward a particular topic into positive, negative, or neutral sentiment categories. It can also
be defined as a textual data analysis technique that employs Natural Language Processing
(NLP) and Machine Learning (ML) to automatically evaluate the emotional tone expressed
by the author (Detty et al., 2023; Asrumi et al., 2023). Through sentiment analysis, insights
can be obtained regarding public perceptions of specific issues. Such information is highly
valuable for policymakers, social institutions, and business organizations in formulating
strategies and making data-driven decisions based on public opinion.

To perform sentiment analysis on large-scale and unstructured data such as social media
posts, a systematic and technology-based approach is required. Naive Bayes is widely
recognized for its simplicity and efficiency in handling large datasets, while Support Vector
Machine (SVM) offers superior classification accuracy, particularly when dealing with
complex data patterns (Mulyoto, 2024; Mahendro & Abimanto, 2023). The combination of
machine learning algorithms such as Naive Bayes (NB) and Support Vector Machine (SVM)
has become a popular approach due to their effectiveness in classifying informal text, slang
expressions, and emoticons commonly found on social media platforms (Pratama &
Mabharani, 2025).

Based on the foregoing discussion, this study aims to conduct sentiment analysis of the
“kabur aja dulu” trend on social media X and to develop a public sentiment monitoring
system using Naive Bayes and SVM algorithms. The proposed system is expected to serve as
a tool for automatically and comprehensively understanding public opinion, while also
providing a foundation for strategic decision-making across various sectors.

2. Literature Review

Sentiment Analysis

Sentiment analysis is a Natural Language Processing (NLP) and Machine Learning (ML)
technique used to automatically evaluate text based on the emotions or opinions expressed
by the author, typically categorized as positive, negative, or neutral sentiments (Detty et al.,
2023). Sentiment analysis has become an important area of NLP due to the increasing
interaction between humans and computers, information extraction, and the identification of
opinions and emotions from existing textual data. It involves understanding words, phrases,
and expressions that indicate positive, negative, or neutral attitudes within a text. Sentiment
analysis is commonly used to extract valuable insights, opinions, perceptions, and emotions
from both structured and unstructured textual data for decision-making and research
purposes (Detty et al., 2023; Asrumi et al., 2023).

Twitter (X)

Twitter, currently known as X, is a popular social media and microblogging platform
that allows users to share thoughts, opinions, and information in real time. Users can freely
express their views regarding products, services, facilities, political issues, and various topics
under public discussion. Due to its openness and extensive user engagement, Twitter has
become one of the primary sources of data for sentiment analysis research (Rahman et al.,
2021; Maulaya & Junadhi, 2022).

Application Programming Interface (API)

An Application Programming Interface (API) is a set of protocols, functions,
commands, and rules that enable communication and interaction between different software
applications. APIs serve as intermediaries that allow systems to exchange data and
functionality efficiently without requiring direct access to each othet's internal processes.
Through APls, software components can communicate and integrate seamlessly, facilitating
interoperability among various applications and services (Bororing & Gunawan, 2024).
Google Colab

Google Colab, or Google Colaboratory, is a cloud-based platform that enables users to
write and execute Python code in an interactive environment. Developed by Google, Colab
provides access to powerful computational resources, including Graphics Processing Units
(GPUs) and Tensor Processing Units (TPUs), without requiring additional software
installation on local computers. Google Colab is widely used by researchers, developers, and
students due to its accessibility and its support for machine learning, data science, and data
analysis projects (Mulyoto, 2024).
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Python

Python is an interpreted programming language that is easy to learn and can be executed
across various platforms. It emphasizes code readability and simplicity while providing
extensive capabilities for software development, data analysis, machine learning, and scientific
computing. Python is supported by a large and comprehensive standard library, making it one
of the most widely used programming languages today (Mulyoto, 2024).

Classification

Classification is the process of categorizing data into predefined classes based on the
characteristics, attributes, and patterns associated with each class. This process begins by
establishing a set of training data as a reference for classification criteria, which is then used
to classify new data into the appropriate categories. The primary objective of classification is
to identify patterns that distinguish one class from another, allowing unknown objects or
instances to be assigned to the most suitable category. In sentiment analysis studies,
classification is commonly used to categorize text into positive, negative, or neutral sentiments
(Amna et al., 2023).

Naive Bayes

Naive Bayes is a classification algorithm based on Bayes' Theorem that assumes the
features used for prediction are conditionally independent of one another. Although this
assumption may not always hold true in real-world scenarios, Naive Bayes often produces
effective results, especially when dealing with relatively small datasets or complex feature
relationships. Due to its simplicity, computational efficiency, and satisfactory performance,
Naive Bayes is widely used in sentiment analysis and text classification tasks (Mulyoto, 2024;
Hakim & Sugiyono, 2024).

Support Vector Machine (SVM)

Support Vector Machine (SVM) is a supervised learning algorithm used for both
classification and regression tasks. Compared to many other classification methods, SVM is
supported by a strong mathematical foundation and can effectively handle both linear and
non-linear classification problems. SVM works by identifying an optimal hyperplane that
separates data points belonging to different classes. Through the use of kernel functions, SVM
can transform data into higher-dimensional spaces, enabling the classification of data that are
not lineatly separable. These characteristics make SVM a popular and effective algorithm for
sentiment analysis applications (Rahman et al,, 2021; Pamungkas & Kharisudin, 2021;
Mahendro & Abimanto, 2023).

Dataset

A dataset is a systematically organized collection of data used for analysis and research
purposes. Datasets may consist of various types of data, including text, images, audio, or
numerical values. They are commonly utilized in computer science, data science, statistics,
and scientific research for training machine learning models, validating hypotheses, generating
predictions, and extracting meaningful insights from data (Amna et al., 2023).

RapidMiner

RapidMiner is a powerful and versatile analytics platform used for data processing,
analysis, and modeling. The platform provides an intuitive visual environment that enables
users to perform various analytical tasks without requiring extensive programming skills.
RapidMiner supports a wide range of machine learning algorithms and statistical analysis
techniques, as well as tools for data preprocessing, feature extraction, data visualization, and
model evaluation. Through RapidMiner, users can import data from multiple sources and
conduct comprehensive analytical processes to generate valuable insights for decision-making
(Amna et al., 2023).

Cross-Industry Standard Process for Data Mining (CRISP-DM)

CRISP-DM (Cross-Industry Standard Process for Data Mining) is a widely recognized
methodology for conducting data mining projects. It was developed in 1996 by several
industry organizations, including NCR, Daimler-Benz, and SPSS, to provide a standardized
framework for solving business and research problems through data mining techniques.
CRISP-DM consists of six phases that guide the entire data mining process, from
understanding business objectives to deploying the final model (Zuhri et al., 2020).
Business Understanding

The Business Understanding phase focuses on defining business objectives and
identifying the problems that need to be addressed. This stage requires a thorough
understanding of business processes, regulations, and operational requirements to ensure that
the data mining project aligns with organizational goals (Zuhri et al., 2020).
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Data Understanding

Data Understanding involves collecting, exploting, and examining data to gain insights
into its characteristics and quality. Activities in this phase include data collection, data
description, data quality assessment, and preliminary data exploration (Zuhti et al., 2020).
Data Preparation

Data Preparation is the process of transforming raw data into a suitable format for
modeling. This phase often consumes the largest portion of project resources and includes
activities such as:

a. Data Validation

Data should be reviewed to ensure accuracy, consistency, and reliability throughout the
analysis process.

b. Outlier Handling

Outliers may significantly influence model petformance and should be carefully
identified and managed before modeling.

c. Handling Missing and Inconsistent Data

Missing or inconsistent data should be treated appropriately according to the objectives
of the analysis to maintain data quality and model reliability (Amna et al., 2023).

Modeling

Modeling involves applying appropriate analytical techniques and machine learning
algorithms to develop predictive or descriptive models. Common objectives in data mining
include estimation, prediction, classification, clustering, and association analysis. Depending
on the research objectives, one or more modeling approaches may be combined to achieve
more detailed results (Amna et al., 2023).

Machine learning algorithms are generally categorized into two groups: supervised
learning and unsupervised learning. Supervised learning requires a target or dependent
variable, whereas unsupervised learning does not.

Evaluation

The Evaluation phase involves interpreting and assessing the performance of the
developed model. The objective is to determine whether the model meets the business and
research goals established during the Business Understanding phase and whether it is suitable
for practical implementation (Zuhri et al., 2020).

Deployment

Deployment is the final phase of the CRISP-DM methodology, where the developed
model is implemented in real-world applications. Deployment planning should consider how
the model's outputs will generate value, support decision-making, and integrate with existing
operational systems (Zuhri et al., 2020).

3. Materials and Method

Research Data

This study employed a quantitative approach using textual data collected from the social
media platform X (formerly Twitter). The dataset consisted of public tweets containing the
hashtag #KaburAjaDulu, which reflects public opinion regarding social and governmental
issues discussed in the online community.

Data were collected through the Twitter API integrated with RapidMiner. Initially, 5,000
tweets were retrieved, and after the preprocessing stage, 3,437 valid tweets remained for
analysis. The dataset consisted of two attributes: Tweet and Sentiment. The T'weet attribute
represents users’ comments posted on X, while the Sentiment attribute represents the
sentiment category assigned to each tweet, namely positive or negative.

The primary data source consisted of tweets obtained directly from X, whereas
secondary data were collected through a literature review of journal articles, conference
proceedings, books, and other relevant references related to sentiment analysis, machine
learning, and social media analytics.

Research Framework

This study applied two supervised machine learning algorithms, namely Naive Bayes
(NB) and Support Vector Machine (SVM), to classify public sentiment regarding the
#KaburAjaDulu trend. The research adopted the Cross-Industry Standard Process for Data
Mining (CRISP-DM) framework, which provides a systematic approach for conducting data
mining projects.
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The research process began with collecting tweets from X through the Twitter API,
followed by data preprocessing, sentiment labeling, classification modeling, and model
evaluation. The performance of the classification models was subsequently compared to
determine the most effective algorithm for sentiment classification.

Data Collection

Data collection was conducted using the Twitter API available through the RapidMiner
extension. Tweets written in Indonesian and containing the hashtag #KaburAjaDulu were
retrieved from the platform. The collected tweets then underwent preprocessing before being
used in the classification stage.

The data collection process involved retrieving tweets, cleaning the textual data,
assigning sentiment labels, and prepating the dataset for further analysis. During
preprocessing, irrelevant elements such as URLs, mentions, hashtags, punctuation marks,
special symbols, and duplicate records were removed to improve data quality. Sentiment
labels were assigned manually to classify each tweet into either positive or negative sentiment
categories.

CRISP-DM Implementation
Business Understanding

The business understanding phase focused on identifying the research problem and
defining the study objectives. The primary objective of this research was to analyze public
sentiment toward the #KaburAjaDulu trend on social media. Public opinions expressed
through tweets were selected as the main source of information for sentiment classification.
At this stage, the research scope, objectives, and expected outcomes were established to guide
subsequent phases of the study.

Data Understanding

The data understanding phase involved exploring and examining the collected dataset to
understand its characteristics and quality. The dataset consisted of tweets obtained through
the Twitter API using the hashtag #KaburAjaDulu. Each record contained textual content
and a corresponding sentiment label. Exploratory analysis was conducted to identify data
distribution, detect inconsistencies, and assess overall data quality before proceeding to the
preprocessing stage.

Data Preparation

Data preparation was performed to transform raw textual data into a structured dataset
suitable for machine learning algorithms. This stage included data cleansing, tokenization,
stemming, noise removal, normalization, and sentiment labeling.

Data cleansing was carried out to remove URLs, hashtags, mentions, punctuation marks,
special characters, and duplicate entries. Tokenization was applied to divide text into
individual words or tokens. Stemming was then used to convert words into their root forms,
while noise removal eliminated irrelevant symbols, numbers, and redundant terms. Text
normalization was conducted to standardize informal words, abbreviations, and slang
expressions into their formal forms. Finally, sentiment labels were assigned to categorize each
tweet as either positive or negative. The output of this phase was a clean and structured
dataset ready for classification modeling.

Modeling

The modeling phase employed Naive Bayes and Support Vector Machine as
classification algorithms. Both algorithms were implemented using RapidMiner to classity
tweet sentiments based on the prepared dataset. The dataset was divided into training and
testing subsets to build and validate the classification models. The purpose of this phase was
to develop predictive models capable of identifying sentiment polarity from social media text
data.

Evaluation

The evaluation phase was conducted to assess the performance of the classification
models. Model performance was measured using a confusion matrix, which provides
evaluation metrics such as accuracy, precision, recall, and F1-score. The evaluation results
were analyzed to compare the effectiveness of Naive Bayes and Support Vector Machine in
classifying public sentiment related to the #KaburAjaDulu trend. The best-performing model
was determined based on its classification accuracy and overall predictive performance.
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4. Results and Discussion

Implementation and Testing

In this study, the algorithms used were Naive Bayes and Support Vector Machine (SVM).
The data used were obtained from tweets collected from the social media platform Twitter
(X) using Python programming through Google Colab. After the data were collected, they
were processed using the CRISP-DM framework, which consists of business understanding,
data understanding, data preparation, modeling, evaluation, and deployment. To obtain
classification accuracy values, RapidMiner was used to test the Naive Bayes and Support
Vector Machine (SVM) algorithms. The Cross Industry Standard Process for Data Mining
(CRISP-DM), which consists of six stages, was used to process the data.
Business Understanding

The dynamics of public sentiment regarding the “kabur aja dulu” trend may influence
various aspects of social life, including industry, the economy, and other sectors. Although
this trend is generally perceived negatively, many people also view the “kabur aja dulu” trend
as something positive. Therefore, this study focuses specifically on the “kabur aja dulu” trend.
Data Understanding

At this stage, the researcher attempted to understand the data used from Twitter (X).
The data were collected using Python programming and consisted of 2,067 tweets with two
attributes, namely sentiment and tweet. The data were collected from February 10, 2025, to
July 10, 2025.
Data Preparation

At the data preparation stage, several steps were carried out as follows:

a. Data Collection

Data were collected using Python programming with the assistance of Google Colab.
The process included installing Python packages, obtaining a Twitter (X) token, crawling data
based on text and date periods, and then saving the data. These steps are shown in Figure 4.1
below.

Figure 1. Python Package Installation.
After the Python package was successfully installed, the next step was to obtain a token
from the Twitter (X) account. After that, the token was entered as shown in Figure 2 and
Figure 3 below.

Applcution
* (Y Manifest
a

BalaQ)amH.

suth_token
o)

g state

]

guest id

quest_id_ads

Quest_ld_marketing

Figure 2. Obtaining the Token from X.

twitter_auth_token =

Figure 3. Entering the Token.
After the token was entered and successfully authenticated, the keyword “kaburajadulu”
was entered. The search limit was set to 2,000 text-based data entries, and the selected period
was from February 10, 2025, to July 10, 2025, as shown in Figure 4. below.
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Figure 4. Data Crawling Process.
After the data crawling process was completed, the prepared file was saved and exported
as shown in Figure 5.

Figure 5. Data Export Process.

After the export process, 2,067 data entries were obtained. The collected data were
stored in CSV or Microsoft Excel format.

b. Data Cleansing

At this stage, the researcher cleaned the data using RapidMiner before assigning
sentiment labels. This process was carried out to ensure that the latest CSV dataset did not
contain unnecessary symbols or irrelevant data. As shown in Figure 6, this process removed
various disturbances, such as URLs, account mentions, retweets, numerical digits, and special
characters.

e o

Figure 6. Cleansing Process Model.

After completing the cleansing process using RapidMiner, the initial number of tweet
data in the CSV file was 2,007. After passing through the cleansing process, the tweet data
were reduced to 385 entries.

c. Labeling

The next stage was classification or sentiment determination based on each tweet.
During the sentiment determination process, the researcher manually assigned sentiment
labels.

d. Tokenizing

This process was carried out to transform text from complex sentences into a sequence
of tokens or simpler units. The purpose of tokenizing is to prepare text data so that it can be
processed more effectively and accurately by sentiment analysis algorithms. The tokenizing
process, the tokenizing results for Naive Bayes, and the tokenizing results for Support Vector
Machine (SVM) can be seen in Figure 7, Figure 8, and Figure 9 below.
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Figure 8. Naive Bayes Tokenizing Model.
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Figure 9. Support Vector Machine Tokenizing Model.

Modeling

At this stage, the researcher carried out preprocessing on the dataset to prepare clean
and noise-free data. In addition, this process also calculated word weighting for the needs of
the subsequent modeling process. After passing through the text preparation stage, the
number of tweet data became 385 entries, which were clean data used for the next stage. At
this stage, the performance of two classification algorithms was measured simultaneously,
namely the Naive Bayes algorithm, as shown in Figure 10, and the Support Vector Machine
(SVM) algorithm, as shown in Figure 11.
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Figure 11. Support Vector Machine Data Process Model

Evaluation and Results

In this study, testing was carried out using the Naive Bayes and Support Vector Machine
algorithms, with the following results:

a. Naive Bayes Algorithm

The total number of data collected was 385 entries. The results of the modeling stage
using the Naive Bayes algorithm are as follows: data correctly predicted as positive had a
precision percentage of 100%, data with negative sentiment had a precision percentage of
56.67%, data with positive sentiment had a recall or specificity percentage of 83.60%, and
data with negative sentiment had a recall percentage of 56.67%. The accuracy value generated
using the Naive Bayes model was 86.49%, as shown in Figure 12 below.
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Figure 12. Naive Bayes Accuracy Results.

The following results were described by the RapidMiner application, as shown in Figure

13.
3

(IS —

Conrgtom

waomT

PerformanceVector

Figure 13. Description of Naive Bayes Accuracy.
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From these results, the plot view for the Naive Bayes algorithm is shown in Figure 14.
below.

Tabin View % Mot View

Figure 14. Naive Bayes Plot View.
The following results also display the AUC (Optimistic) graph for the Naive Bayes
algorithm, as shown in Figure 15 below.

AUC [OPUIMINUCE 1,000 [PORIIVE CINEA: neganr)

—OE -

Figure 15. AUC (Optimistic) Graph of Naive Bayes.

Based on the results above, it can be concluded that the Naive Bayes algorithm is capable
of adequately classifying sentiment using T'witter (X) tweet data related to the “kabur aja dulu”
trend.

b. Support Vector Machine (SVM) Algorithm

The total dataset collected consisted of 385 data entries. The following are the results of
the modeling stage using the Support Vector Machine algorithm. Based on the accuracy
calculation results, the data correctly predicted as positive produced a precision percentage of
87.33%, while data with negative sentiment had a precision value of 100%. Positive sentiment
had a recall or specificity value of 100%, while negative sentiment had a recall value of 32.36%.
The accuracy value generated using the Support Vector Machine model was 88.05%, as
shown in Figure 16 below.
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Figure 16. Support Vector Machine Accuracy Results.

The following results were described by the RapidMiner application, as shown in Figure
17.

%  PerformanceVector

Pesomance
Descryasn

preEren

Figure 17. Description of Support Vector Machine Accuracy.

From these results, the plot view for the Support Vector Machine algorithm is shown in
Figure 18 below.

Figure 18. Support Vector Machine Plot View.

The following results also display the AUC (Optimistic) graph for the Support Vector
Machine algorithm, as shown in Figure 19 below.

8 e et Seare

Figure 19. AUC (Optimistic). Graph of Support Vector Machine.
Based on the results above, it can be concluded that the Support Vector Machine

algorithm is capable of adequately classifying sentiment using Twitter (X) tweet data related
to the “kabur aja dulu” trend.
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5. Conclusion and Suggestion

Conclusion

Based on the research and application of the Naive Bayes and Support Vector Machine
algorithms in sentiment analysis of the “Kabur aja dulu” Trend, it can be concluded that: a)
According to the research conducted to classify the opinions of Indonesian society about the
“Kabur aja dulu” trend, it was found that out of 385 data entries, 317, or 82%, showed
positive sentiment and 68 data entries, or 18%, showed negative sentiment. b) The research
results show that the majority of Indonesian society responded positively to the “Kabur aja
dulu” trend. Based on the classification of the “Kabur aja dulu” trend dataset using the Naive
Bayes algorithm model, an accuracy rate of 86.49% was obtained, whereas an accuracy rate
of 88.05% was obtained using the Support Vector Machine algorithm. ¢) Therefore, it can be
said that the Support Vector Machine algorithm is better at classifying sentiment data about
the “Kabur aja dulu” trend than the Naive Bayes algorithm.
Suggestion

The suggestions provided based on observations and analysis during this research are: a)
For future research, it is recommended to further develop this study and connect it with other
algorithms to achieve even better accuracy. b) The results of this study are not yet complete
and efficient, so it is expected that future research can develop this study using or adding
other algorithms to determine objects more quickly and accurately. ¢) From this research, it
is hoped that sentiment labeling can be determined automatically to accelerate the sentiment
determination process.
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