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Abstract 
 

In utilizing digital technology in the transportation sector, Transjakarta has introduced a mobile-based application to facilitate public 

mobility. The number of Transjakarta passengers has increased significantly, making it important to know whether users are satisfied with 

the application or not. This study aims to classify sentiments and identify the aspects and issues that frequently arise in user reviews of the 

Transjakarta app using the Naive Bayes algorithm. This study employs the CRISP-DM methodology. Analysis was conducted by scraping 

1,000 Google Play Store review data based on MOST RELEVANT, following preprocessing, TextBlob data labeling, TF-IDF weighting, 

and oversampling (SMOTE) methods. The implementation of the Naive Bayes algorithm with an 80:20 resulted in 684 positive data and 

315 negative data, yielding a model accuracy of 78%. For the positive sentiment class, the precision was 82%, recall was 85%, and the F1-

score was 84%. For the negative sentiment class, the precision was 67%, recall was 62%, and the F1-score was 65%. Based on the 

visualization, the words that frequently appear in positive reviews are “bagus”, “lengkap”, and “mudah”, and negative reviews are “ribet”, 

“susah”, and “error”. 
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1. Introduction 

In this ever-evolving digital age, the use of mobile applications has become an important element in the daily lives of urban communities, 

including in the field of public transportation [1]. One concrete example of the use of digital technology in the transportation sector is the 

Transjakarta app. Transjakarta itself is the first Bus Rapid Transit (BRT) system in Southeast and South Asia, operating since 2004 in 

Jakarta, and has become a crucial element in the public transportation infrastructure managed by the DKI Jakarta government [2]. 

 

 
Fig. 1: Number of Transjakarta Passengers 

 

Fig 1 shows data on the number of Transjakarta passengers, which has increased year on year, proving that the people of Jakarta are highly 

dependent on Transjakarta as their main mode of transportation. As the number of users increases, so does the number of reviews of the 

Transjakarta app, both in the form of appreciation and complaints. This is why it is important to know whether users are satisfied with the 
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app or not. Dissatisfaction or mistakes in service, if not addressed immediately, can risk reducing public trust in Transjakarta services, 

which could result in many passengers switching back to using private vehicles [2]. User reviews serve as a source of information/data that 

can provide direct insight into issues arising in the application [3]. Therefore, to see how users perceive the application, sentiment analysis 

was conducted based on user reviews taken from the Google Play Store. 

 

Sentiment analysis is a field of study that analyzes people's opinions, sentiments, attitudes, evaluations, surveys, and emotions towards 

entities such as issues, events, topics, and their attributes [4]. Several previous studies have discussed related studies, including; Research 

from [2] on Consumer Satisfaction Analysis of Transjakarta Services analyzed general service satisfaction, such as the comfort of bus stops 

and punctuality, but did not touch on aspects of digital services such as applications. Then, research from [5] on User Sentiment Analysis 

of Jakarta's Public Transportation System Performance Using the Naive Bayes Algorithm to classify the sentiment of netizen comments 

on public transportation in the Jakarta area with a high accuracy rate of 94.22%. Then, research from [6] on Sentiment Analysis of the KRL 

Access Online Transportation Application Using the Naive Bayes Method provided results with an accuracy of up to 84.00% for test data 

on positive reviews in Indonesian on the selection of land transportation applications on smartphones. 

 

From the results of several studies, it can be concluded that the Naive Bayes algorithm has proven to be successful and accurate in 

classifying data in various contexts. By utilizing the Naive Bayes algorithm, researchers will group user reviews into positive and negative 

sentiment categories, thereby providing an overview of their satisfaction or dissatisfaction. Therefore, this study aims to analyze the 

sentiment of Transjakarta app user reviews by utilizing the Naive Bayes algorithm, classifying user opinions into positive and negative 

sentiment categories, and providing data-driven recommendations for improving the quality of Transjakarta services. 

2. Research Methodology 

The method used in this study is the Cross Industry Standard Process for Data Mining (CRISP-DM). CRISP-DM is a framework that is 

often used in data science and data mining projects [7]. This method consists of six main stages, namely Business Understanding, Data 

Understanding, Data Preparation, Modeling, Evaluation, and Deployment, as shown in Fig 2. 

 

 
Fig. 2: Research Stages 

 

At the business understanding stage, we identified key issues by classifying user sentiment toward the Transjakarta app and conducting a 

literature review to strengthen the theoretical basis and understand appropriate methods such as sentiment analysis and the Naive Bayes 

algorithm. 

 

The next stage is data understanding, which includes the process of collecting data through web scraping techniques from the Google Play 

Store platform. The data obtained consists of 1000 Transjakarta app reviews that have been filtered as “MOST RELEVANT” by the system. 

 

In the data preparation stage, the collected data are processed for modeling through several important steps, including data cleaning, case 

folding, normalization, tokenization, stopword removal, stemming, data labeling, data splitting, TF-IDF weighting, and oversampling. The 

initial step, data cleaning, is performed to eliminate irrelevant characters such as symbols, numbers, and punctuation marks from the dataset. 

This step is essential because raw data often contains incomplete, inaccurate, or poorly structured information. The second stage of case 

folding, the process of converting all uppercase text to lowercase text [8]. This is done to standardize characters in documents or text data 

[9]. The third stage of normalization, the process of converting non-standard terms or abbreviations into words that conform to 

standard/correct spelling or dictionaries [10]. The fourth stage of tokenization is the process of splitting/separating text into individual 

words. This breaks the text down into small units called tokens [11] The fifth stage is stopword removal. This process removes common 

words that have no significant meaning or are considered less important in text analysis [12]. The sixth stage of stemming, the process of 

mapping and analyzing a word into its basic form, where words containing affixes are filtered into the standard form of the word [13] The 

seventh stage of data labeling is the process of automatically labeling sentiments as positive or negative using TextBlob tools. TextBlob is 

a well-known lexicon-based sentiment analysis library model available in Python, which offers simpler text processing [14]. The eighth 

stage is data splitting, a process that divides the data into two parts, namely training data and testing data. The ninth stage is TF-IDF 

weighting, a process of assigning weights to each term based on its importance in the document relative to the entire data set. The weights 
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are assigned to assess or score the frequency of occurrence of a word (TF) and the frequency of occurrence of a word or term in all 

documents (IDF) [10]. And the final stage is oversampling (SMOTE), a process to balance class distribution by sampling from minority 

classes and generating synthetic samples in those minority classes. SMOTE is an oversampling technique designed to address class 

imbalance by utilizing interpolation to generate synthetic samples from underrepresented classes [15]. 

 

Next is the modeling stage, which involves applying the Naive Bayes algorithm as the main classification model due to its simplicity and 

effectiveness in analyzing text. The model will be created and the data from the preprocessing stage will be trained. 

 

Then, in the evaluation stage, the performance of the Naive Bayes algorithm model will be tested. The evaluation method applied is the 

confusion matrix. In the confusion matrix, the test will calculate accuracy, recall, precision, and f1-score values, which will be visualized 

in percentage form. 

 

And in the final stage of deployment, the model evaluation results are used to understand user sentiment towards the Transjakarta 

application. The classification model, which has been evaluated using a confusion matrix, serves as a reference for assessing the model's 

ability to accurately categorize reviews. To identify the dominant factors or main themes in each sentiment category, wordcloud-based 

visualization is used. Wordclouds help to find the words or phrases that appear most frequently in positive and negative reviews, which 

can reflect the main concerns or issues of users. 

3. Results and Discussion 

The results obtained from applying the Naive Bayes method in sentiment analysis of Transjakarta app reviews, based on the stages in the 

CRISP-DM framework, which include Business Understanding, Data Understanding, Data Preparation, Modeling, Evaluation, and 

Deployment. The following are the steps in the research process using the CRISP-DM framework: 

A. Business Understanding 

At this stage, an analysis was conducted on user reviews of the Transjakarta application on Google Play Store, with the aim of understanding 

user perceptions of the application. The algorithm used is Naive Bayes with the Python programming language. The results of this sentiment 

analysis are expected to provide information to the app developers and Transjakarta management regarding the quality of the app's services 

based on user reviews, so that it can be used as a basis for decision-making regarding improvements and future app development.  

B. Data Understanding 

At this stage, the review data collection process was carried out using web scraping techniques from the Google Play Store platform, 

collecting 1,000 review data as research material using the google-play-scraper library automatically. The data collected was saved in a 

CSV file format, and only the Review ID, Username, Rating, Review Text, and Date columns were taken. 

 
Table 1: Data Collection Results 

Review ID Username Rating Review Text Date 

07c1be5f-4b81-47b4-
8bc9-e6e840c85f4f 

Adi Candra 2 

Masih perlu banyak 
peningkatan, peta yg 

loading ny lama dan gak 

bisa zoom out, posisi bus 

suka muncul hilang dan 

gak akurat, app kurang 
enak tampilannya. 

Kelebihan dari app yg lama 

cuma bisa lihat posisi bus 

real time tanpa perlu pilih 

rute ny. Tapi tetap trafi yg 
terbaik 🤪 

2024-08-29 17:30:57 

… …  … … 

J753dd01-22tf-3yfj-b5e3-

40gasg3575f 
Ci Kakya 5 

Skrg jadi lebih mudah cari 

rute , halte, dan jadwal 

bus... 

2024-11-21 13:41:19 

C. Data Preparation 

The cleaned data subsequently undergoes preprocessing, which comprises several stages, including case folding, normalization, 

tokenization, stopword removal, stemming, data labeling, TF-IDF weighting, and SMOTE-based oversampling.  

1. Data Cleaning 

This process is to correct, remove characters/symbols/emojis, and delete unclear words from the results that researchers previously 

obtained from scraping. 

 

 
Table 2: Data Cleaning Results 

Before After 

Masih perlu banyak peningkatan, peta yg loading ny lama dan gak bisa 

zoom out, posisi bus suka muncul hilang dan gak akurat, app kurang 

Masih perlu banyak peningkatan peta yg loading ny lama dan gak bisa 

zoom out posisi bus suka muncul hilang dan gak akurat app kurang enak 
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enak tampilannya. Kelebihan dari app yg lama cuma bisa lihat posisi 

bus real time tanpa perlu pilih rute ny. Tapi tetap trafi yg terbaik 🤪 

tampilannya Kelebihan dari app yg lama cuma bisa lihat posisi bus real 

time tanpa perlu pilih rute ny Tapi tetap trafi yg terbaik 

… … 

Skrg jadi lebih mudah cari rute , halte, dan jadwal bus... Skrg jadi lebih mudah cari rute  halte dan jadwal bus 

 

2. Case Folding 

This process will convert all uppercase text to lowercase text. This is to ensure that all text is processed under the same conditions. 

 
Table 3: Case Folding Results 

Before After 

Masih perlu banyak peningkatan peta yg loading ny lama dan gak bisa 

zoom out posisi bus suka muncul hilang dan gak akurat app kurang 

enak tampilannya Kelebihan dari app yg lama cuma bisa lihat posisi bus 

real time tanpa perlu pilih rute ny Tapi tetap trafi yg terbaik 

masih perlu banyak peningkatan peta yg loading ny lama dan gak bisa 

zoom out posisi bus suka muncul hilang dan gak akurat app kurang enak 

tampilannya kelebihan dari app yg lama cuma bisa lihat posisi bus real 

time tanpa perlu pilih rute ny tapi tetap trafi yg terbaik 
… … 

Skrg jadi lebih mudah cari rute  halte dan jadwal bus skrg jadi lebih mudah cari rute  halte dan jadwal bus 

 

3. Normalization 

This process serves to replace non-standard words with standard words using the kamus_slag that researchers can obtain from the 

kaggle.com website to normalize the words in the reviews in this study. 

 
Table 4: Normalization Results 

Before After 

masih perlu banyak peningkatan peta yg loading ny lama dan gak bisa 

zoom out posisi bus suka muncul hilang dan gak akurat app kurang 

enak tampilannya kelebihan dari app yg lama cuma bisa lihat posisi bus 
real time tanpa perlu pilih rute ny tapi tetap trafi yg terbaik 

masih perlu banyak peningkatan peta yang loading nya lama dan tidak bisa 

zoom out posisi bus suka muncul hilang dan tidak akurat app kurang enak 

tampilannya kelebihan dari app yang lama cuma bisa lihat posisi bus real 
time tanpa perlu pilih rute nya tapi tetap trafi yang terbaik 

… … 

skrg jadi lebih mudah cari rute  halte dan jadwal bus sekarang jadi lebih mudah cari rute halte dan jadwal bus 

 

4. Tokenization 

This process serves to separate each review from the document used to separate review sentences into words and remove blank spaces. 

 
Table 5: Tokenization Results 

Before After 

masih perlu banyak peningkatan peta yang loading nya lama dan tidak 

bisa zoom out posisi bus suka muncul hilang dan tidak akurat app 

kurang enak tampilannya kelebihan dari app yang lama cuma bisa lihat 

posisi bus real time tanpa perlu pilih rute nya tapi tetap trafi yang 

terbaik 

['masih', 'perlu', 'banyak', 'peningkatan', 'peta', 'yang', 'loading', 'nya', 'lama', 

'dan', 'tidak', 'bisa', 'zoom', 'out', 'posisi', 'bus', 'suka', 'muncul', 'hilang', 'dan', 

'tidak', 'akurat', 'app', 'kurang', 'enak', 'tampilannya', 'kelebihan', 'dari', 'app', 

'yang', 'lama', 'cuma', 'bisa', 'lihat', 'posisi', 'bus', 'real', 'time', 'tanpa', 'perlu', 

'pilih', 'rute', 'nya', 'tapi', 'tetap', 'trafi', 'yang', 'terbaik'] 
… … 

sekarang jadi lebih mudah cari rute halte dan jadwal bus ['sekarang', 'jadi', 'lebih', 'mudah', 'cari', 'rute', 'halte', 'dan', 'jadwal', 'bus'] 

 

5. Stopword Removal 

This process removes meaningless words that have no meaning and only contain informative words. Researchers use the nltk library 

for tools in this process. 

 
Table 6: Stopword Removal Results 

Before After 

['masih', 'perlu', 'banyak', 'peningkatan', 'peta', 'yang', 'loading', 'nya', 

'lama', 'dan', 'tidak', 'bisa', 'zoom', 'out', 'posisi', 'bus', 'suka', 'muncul', 

'hilang', 'dan', 'tidak', 'akurat', 'app', 'kurang', 'enak', 'tampilannya', 
'kelebihan', 'dari', 'app', 'yang', 'lama', 'cuma', 'bisa', 'lihat', 'posisi', 'bus', 

'real', 'time', 'tanpa', 'perlu', 'pilih', 'rute', 'nya', 'tapi', 'tetap', 'trafi', 'yang', 

'terbaik'] 

['peningkatan', 'peta', 'loading', 'nya', 'zoom', 'out', 'posisi', 'bus', 'suka', 

'muncul', 'hilang', 'akurat', 'app', 'enak', 'tampilannya', 'kelebihan', 'app', 

'lihat', 'posisi', 'bus', 'real', 'time', 'pilih', 'rute', 'nya', 'trafi', 'terbaik'] 

… … 
['sekarang', 'jadi', 'lebih', 'mudah', 'cari', 'rute', 'halte', 'dan', 'jadwal', 

'bus'] 
['mudah', 'cari', 'rute', 'halte', 'jadwal', 'bus'] 

 

6. Stemming 

This process serves to convert affixes into their base words/original forms. Researchers use the Sastrawi library because the review 

data is in Indonesian. 

 
Table 7: Stemming Results 

Before After 

['peningkatan', 'peta', 'loading', 'nya', 'zoom', 'out', 'posisi', 'bus', 'suka', 

'muncul', 'hilang', 'akurat', 'app', 'enak', 'tampilannya', 'kelebihan', 'app', 

'lihat', 'posisi', 'bus', 'real', 'time', 'pilih', 'rute', 'nya', 'trafi', 'terbaik'] 

tingkat peta loading nya zoom out posisi bus suka muncul hilang akurat 

app enak tampil lebih app lihat posisi bus real time pilih rute nya trafi baik 
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… … 

['mudah', 'cari', 'rute', 'halte', 'jadwal', 'bus'] mudah cari rute halte jadwal bus 

 

7. Data Labelling 

Data labeling was performed using the TextBlob library as a tool to automatically label sentiment as positive or negative. When the 

polarity is greater than 0, it indicates positive sentiment, while a polarity less than or equal to 0 indicates negative sentiment. Fig 3 

shows the amount of data in each sentiment class obtained from the labeling results using TextBlob. 

 

 
Fig. 3: Comparison of Positive and Negative Class Results 

 

8. TF-IDF Weighting 

This process involves weighing each word in the dataset and assessing it based on how important it is in a document. It is also 

useful for converting data into a vector (numeric) matrix so that machines can process it. However, before weighing, the data is 

divided into 80% training data and 20% testing data. 

 

 
Fig. 4: Visualization of Training and Testing Data Distribution Diagram 

 

9. SMOTE 

The final process in data preparation is SMOTE. This process balances imbalanced data. This is useful so that the data is not biased 

towards the minority class. 

D. Modelling 

At this stage, researchers begin building models using the Naive Bayes Algorithm with the MultinomialNB type because it is suitable for 

text-based data such as reviews. The stages of the Naive Bayes classification process are to initialize MultinomialNB() for the Naive Bayes 

model used. Then train the model with input data X_train and label y_train and to perform model testing predictions with input data X_test. 

E. Evaluation 

After completing the modeling process, the researchers proceeded to the next stage, which was to evaluate the output results from the 

implementation of the Naive Bayes algorithm model. This evaluation was conducted on 200 test data from Transjakarta app reviews. The 

evaluation used a confusion matrix to obtain more accurate model results. The confusion matrix produces values for model accuracy, recall, 

precision, and F1 score. 
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Table 8: Classification Report Results from the Naive Bayes Algorithm 

Sentiment Test Accuracy Precision Recall F1-Score 

Positive 0.775 0.82 0.85 0.84 

Negative 0.775 0.67 0.62 0.65 

 

F. Deployment 

In this final stage, researchers visualize frequently occurring words with the aim of providing analysis results in a format that can be used 

practically by end users. The visualization uses the WordCloud library, which represents the frequency of words appearing in various 

positive and negative sentiment categories. WordCloud effectively presents textual information clearly and intuitively, with the size of the 

words indicating their frequency of appearance in reviews within a particular sentiment category. 

 

 
Fig. 5: Positive Sentiment WordCloud 

 
Fig. 6: Negative Sentiment WordCloud 

 

4. Conclusion  

Based on the results of sentiment analysis of Transjakarta app reviews using the Naive Bayes algorithm, which was conducted based on 

1000 user review data from Google Play Store platform, there were 684 positive review sentiments and 315 negative review sentiments. 

Then, the results of the classification report using the Naive Bayes algorithm obtained an accurate value of 78%. For the positive sentiment 

class, the precision value was 82%, the recall was 85%, and the f1-score was 84%, while for the negative sentiment class, the precision 

value was 67%, the recall was 62%, and the f1-score was 65%. Furthermore, for the results of classification and visualization, information 

was obtained that the aspects or issues arising from the emergence of phrases in negative sentiments that often appeared were that users 

still had difficulty in using the Transjakarta application, especially the features in it, such as balance top-ups, ticket purchases, and the 

application still often experiencing errors, while for positive sentiments, users felt that the application was good, easy to use, and facilitates 

users in finding bus route schedules and arrival times. 
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