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Info Artikel  

Abstract – Electronic wallets are one of the most popular payment methods in Indonesia with the 
number of users increasing significantly in recent years, including DANA, GoPay, and LinkAja. 

Along with the increasing number of users, the need to analyze user opinions and comments on 

social media, especially on Twitter (X) is also increasing. This study uses an experimental method 
with data collection from Twitter (X) using data crawling techniques. The dataset used is 1,500 

data with 1 attribute. This study aims to analyze user sentiment towards electronic wallets using 

the Naive Bayes Classifier algorithm with the Python programming language. The results of the 
study showed that DANA had a negative sentiment of 16.6%, a neutral sentiment of 9.0%, and a 

positive sentiment of 74.4%. Followed by GoPay with a negative sentiment of 9.4%, a neutral 

sentiment of 11.4%, and a positive sentiment of 79.2%. Meanwhile, LinkAja had the lowest negative 
sentiment of 8%, with a neutral sentiment of 12.2% and a positive sentiment of 79.8%. The 

implementation of the Naive Bayes Classifier algorithm achieved an accuracy rate of 72% for 

DANA, 88% for GoPay, and 88%, for LinkAja. 
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 Abstrak – Dompet elektronik merupakan salah satu metode pembayaran terpopuler di Indonesia 
dengan jumlah pengguna yang meningkat secara signifikan dalam beberapa tahun terakhir, 

termasuk DANA, GoPay, dan LinkAja. Seiring dengan bertambahnya jumlah pengguna, kebutuhan 

untuk menganalisis opini dan komentar pengguna di media sosial khususnya di Twitter (X) juga 
semakin meningkat. Penelitian ini menggunakan metode eksperimen dengan pengumpulan data 

dari Twitter (X) menggunakan teknik data crawling. Dataset yang digunakan sebanyak 1.500 data 

dengan 1 atribut. Penelitian ini bertujuan untuk menganalisis sentimen pengguna terhadap dompet 
elektronik menggunakan algoritma Naive Bayes Classifier dengan bahasa pemrograman Python. 

Hasil penelitian menunjukkan DANA mempunyai sentimen negatif sebesar 16,6%, sentimen netral 

sebesar 9,0%, dan sentimen positif sebesar 74,4%. Disusul GoPay dengan sentimen negatif sebesar 
9,4%, sentimen netral sebesar 11,4%, dan sentimen positif sebesar 79,2%. Sedangkan LinkAja 

memiliki sentimen negatif paling rendah sebesar 8%, sentimen netral sebesar 12,2%, dan sentimen 

positif sebesar 79,8%. Penerapan algoritma Naive Bayes Classifier mencapai tingkat akurasi 
sebesar 72% untuk DANA, 88% untuk GoPay, dan 88% untuk LinkAja. 

 

Kata Kunci: Dompet Elektronik, Analisis Sentimen, Twitter (X), Naïve Bayes Classifier 
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I. INTRODUCTION 

Machine learning has developed quite rapidly lately, one of which is sentiment analysis [1] [2]Sentiment 
analysis is a method for determining whether a text written by a user is positive, negative, or neutral [3], [4] Positive 
sentiments communicate a positive view in a situation, negative sentiments express negative ideas in a context, and 
neutral sentiments state things that are neither good nor bad [4], [5]. Sentiment analysis in text mining is the study of 
sentiments, emotions, and attitudes in opinion texts [6]. Sentiment analysis has become very useful since the rise of 
social media and online review websites, and thus the requirement to analyze their sentiment in an effective and 
efficient way [7]. Recommender systems employ sentiment analysis and classification tasks to examine social media 
content such as blogs, discussion forums, Facebook postings, tweets, movie reviews, and online product reviews [8]. 
Sentiment analysis can be used to transform previously unstructured data into more structured data [9], [10]. 
Therefore, we can think of sentiment analysis as a text classification problem that uses sentiment as a category[7]. 
One of the objects that can be studied to classify sentiment is an electronic wallet. 

Electronic wallets (e-wallets) are one of the simplest and most practical digital payment methods, allowing 
users to carry out various financial transactions anytime, anywhere, and from any location throughout the world[[11]. 
The use of e-wallets is increasingly popular in line with the progress of digitalization in the banking and financial 
services sector, which not only makes it easier to access transactions, but also plays an important role in implementing 
safety and preventive measures, especially in dealing with the Covid-19 pandemic. During the pandemic, adopting 
digital payments is key to reducing physical contact and minimizing the spread of the virus, as well as helping to 
protect public safety[12]. In addition, developments in financial technology including electronic wallets, online 
banking services and fintech (financial technology) provide many benefits for consumers. By using e-wallet, users no 
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longer need a physical wallet to store money or financial cards. Instead, they can store various financial cards such as 
debit cards, credit cards, prepaid cards, and gift cards in virtual form, which is not only safer but also more practical 
to use in daily transactions [12]. The existence of this electronic wallet changes the way we interact with money, 
introducing convenience, efficiency and comfort in an increasingly digital financial life. The concept of an electronic 
wallet may be viewed as a model for performing ordinary financial transactions. Although there are many types of 
electronic payments, this study will only focus on three electronic wallets, namely DANA, GoPay, and LinkAja. 
Sentiment analysis can be used on many platforms, one of which is tweets from Twitter (X). Twitter (X) has become 
one of the most popular platforms for individuals to openly express their ideas on any topic from anywhere in the 
globe [13]. These tweets may contain text or even videos that are attached [1]. However, Twitter (X) has not been 
able to categorize tweets into positive, neutral, and negative sentiments, so the tweets must be processed first so that 
they can be used as a reference for conducting sentiment analysis, especially in text classification. 

Naive Bayes classifier is a supervised machine learning method and is often used in text classification tasks 
[14]. This algorithm is very effective in solving classification problems, especially when dealing with large feature 
spaces, making it a good choice for sentiment analysis [15]. Naive Bayes functions as a classification model based on 
Bayes' Theorem, with the assumption that all predictor variables or features are mutually independent and have equal 
weight in the prediction process. [16], [17]. The main advantages of the Naive Bayes approach are its simplicity which 
makes it easy to implement, speed in processing large amounts of data, and its ability to produce good results, even 
when compared with more complex classification algorithms. That is why Naive Bayes is very popular in a variety of 
applications, including text analysis and natural language processing, where its ability to efficiently handle large 
volumes of data is highly appreciated[13]. Some machine learning approaches that have been used in sentiment 
analysis include Naive Bayes[1], [13], [14], [15], [18], [19], Support Vector Machines [1], [8], [13] Random Forest 
[5], [20], [21], Logistic Regression [1], [13], Decision Tree [18], [19] and K-Nearest Neighbor (KNN) [18], [21] [20]. 
Previous studies used text mining for sentiment analysis on Twitter. One of them is research from [21]proposes a 
comparative review analysis model visualized in the tourism domain using the Naïve Bayes Classifier algorithm with 
a case study of two popular tourist attractions in Bali, namely Kuta Beach and Jimbaran Beach. The stages involved 
in conducting sentiment analysis include data collection, initial data processing, Naïve Bayes Classifier classification, 
model evaluation, comparison of results, and visualization. The comparison of the two tourist locations produces an 
accuracy value of 80% for Kuta Beach and 64% for Jimbaran Beach. 

As for research from [1] focused on analyzing the level of customer satisfaction with Traveloka services, with 
the aim of understanding how many people feel satisfied or dissatisfied with the various services offered by the 
company. In this research, the data used was obtained via the Twitter API, which includes 1200 tweets related to 
Traveloka. The classification method applied to analyze this data involves three main algorithms, namely Support 
Vector Machine (SVM), Logistic Regression, and Naïve Bayes. The research process includes several important 
stages, starting from data collection, data transformation, to sentiment analysis to determine how the majority of 
Twitter users feel about the performance of the Traveloka mobile application. Based on the analysis results, this 
research shows that the SVM method provides better classification performance in predicting test results, compared 
to the other two methods. 

In addition, another study conducted by [22] focused on sentiment analysis of tweets related to the COVID-19 
pandemic. The data used in this research amounted to 179,107 tweets, which were analyzed using a data pre-
processing approach and the Long Short-Term Memory (LSTM) model. LSTM was chosen for its ability to handle 
sequential data and understand context in longer texts. The results of this research are very impressive, with an 
accuracy rate of 96%, which shows the model's ability to accurately identify the sentiment contained in tweets related 
to COVID-19. This success shows the great potential of applying sentiment analysis techniques using LSTM in the 
context of social media to understand public opinion regarding global issues such as the pandemic. Additionally, a 
pre-processing procedure is introduced to improve the accuracy of sentiment analysis. The Long Short-Term Memory 
(LSTM) algorithm is used in this study in order to analyze sentiments related to the COVID-19 pandemic using Twitter 
data. 
Meanwhile, Research conducted by [23] highlights the importance of online reviews which have now become an 
integral part of the purchasing decision making process for many consumers. As e-commerce continues to grow, every 
online retailer needs to consider effective strategies to optimize the use of reviews as a marketing and feedback tool. 
As the number of reviews continues to increase, methods or techniques are needed that can automatically classify 
these reviews, whether they have positive or negative sentiment. For this reason, this research tries to apply the Naïve 
Bayes Classifier (NBC) method to classify e-commerce reviews. The results obtained from this research show that 
the Naïve Bayes Classifier can provide an accuracy of 72%, with a Recall value also reaching 72% and a Precision of 
78%. However, this study will explore the use of Naive Bayes for sentiment classification in Indonesian for users of 
electronic wallet applications on social media Twitter (X) so that application developers can take the necessary steps 
to improve electronic wallet application services. 

 
II. RESEARCH METHOD 
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Naïve Bayes is chosen because it is easy to implement, efficient in processing large-scale text data, and capable 
of delivering competitive performance even when compared to more complex algorithms. As a probability-based 
algorithm [24] [25]Naïve Bayes is well-suited for text classification tasks. Its speed and efficiency make it particularly 
effective in handling large datasets, such as reviews from Twitter[26]. 

As depicted in Figure 1, the stages of sentiment analysis in this study consist of six main stages, namely data 
collection, preprocessing, labeling using sentiment dictionary, TF-IDF weighting, classification using Naïve Bayes, 
and model evaluation. The output of the classification results is in three categories, namely positive, neutral, and 
negative. 
 

 
Figure 1. Flowchart of Algorithm Experiment Stages 

A. Data Collection 

The dataset on the use of electronic wallets DANA, GoPay, and LinkAja is a private dataset obtained from the 
social media Twitter (X) by crawling data using the Python programming language. The dataset from each electronic 
wallet resulting from the crawled data was then downloaded and saved in .csv format consisting of 500 DANA datasets, 
500 GoPay datasets, and 500 LinkAja datasets. The data containing user reviews of the electronic wallet applications 
DANA, GoPay, and LinkAja were taken from 2021 to 2024 with the search keywords "aplikasi dana min_faves:2", 
"aplikasi gopay min_faves:2", and "aplikasi linkaja min_faves:2" on the Twitter (X) platform. 

B. Preprocessing 

The preprocessing method involved deleting duplicate data totaling 1,500 data points and removing unnecessary 
features, specifically hashtags. According to [27] Sentiment analysis preprocessing requires NLTK. NLTK (Natural 
Language Toolkit) is one of the main libraries in Python designed specifically for natural language processing, which 
allows developers to build applications that can interact with human language-based data. The initial process in 
analyzing language data begins with data collection, which is then processed using various techniques. These steps 
include removing irrelevant elements such as retweets, URLs, and punctuation that could interfere with the analysis. 
In addition, the emojis in the text are converted into upper-lower case, then tokenization is carried out to break the 
text into smaller parts such as words or phrases. The next process includes removing stop words, namely words that 
do not make a significant contribution to the meaning of the analysis, as well as normalization which aims to equalize 
word forms to make them more consistent. Finally, a stemming process is carried out which changes the words into 
their basic form, making it easier to further analyze the text. All of these steps aim to simplify and improve the quality 
of the data before it is used in further analysis processes [5], [17], [28]. The preprocessing results are shown in Table 
1. 
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TABLE 1. EXAMPLE OF TEXT PREPROCESSING RESULTS 

Before Preprocessing After Preprocessing 

HELP RT !! Dear @KreditPintar @HaloBCA 
sodara saya ini ga pernah sekalipun 

ngedownload aplikasi pinjol Kredit Pintar 
samsek tbtb ada Dana masuk ke BCAnya dan 

langsung pindah ke rek lain juga. Ini maksudnya 
apa dan gimana ya? Mana jatuh temponya bulan 

depan. Tolong dibantu dong. 
https://t.co/MeYdrtc4HU 

bantu sayang saudara tidak unduh aplikasi 
pinjam digital kredit pintar sama sekali tbtb 

dana masuk bcanya langsung pindah rek 
maksud bagaimana iya jatuh tempo tolong bantu 

meydrtchu 

 

C. Labeling 

Data classification is labeled using a sentiment dictionary divided into three classes: negative, neutral, and positive. 
These words are saved in a.txt file, not in a database. For example, the term "very happy" is more positive than the 
word "happy", however the word "less happy" is not more positive than the word "happy", implying that the word can 
increase or decrease the intensity of the mood of the surrounding words. The word "evil" has a negative connotation, 
but if the word "evil" is preceded by the negation word "not" then the word arrangement becomes "not evil" which 
has a positive meaning, where the word is a negation word or words in a phrase have the ability to change someone's 
views or opinions. The labeling results are shown in Table 2. 

TABLE 2. EXAMPLE OF LABELING TEXT 

aplikasi mypertamina bikin hari mudah loh iya sob yuk tulis menang total saldo linkaja rupiah sobat pertamina 
untung xowqjnmfg 

Posistive 

informasi transaksi myim bima dapat cashback aplikasi gopay dknhkiq Neutral 
artikel manusia pakai dana rupiah miliar aplikasi jelek bptsgcl Negative 

 
The results of text labeling on the DANA application include 372 texts containing positive sentiment, 83 texts 

containing negative sentiment, and 45 texts containing neutral sentiment. The results of labeling on the GoPay 
application include 396 texts containing positive sentiment, 47 texts containing negative sentiment, and 57 texts 
containing neutral sentiment. The results of text labeling on LinkAja include 399 texts containing positive sentiment, 
40 texts containing negative sentiment, and 61 texts containing neutral sentiment. 

D. TF-IDF Weighting 

In this research, the transformation approach applied is the TF-IDF (Term Frequency-Inverse Document Frequency) 
method which combines two main components, namely Term Frequency (TF) and Inverse Document Frequency (IDF). 
This technique is used to evaluate the importance of a word in a document to the collection of documents as a whole 
Once the data is converted into numeric form, the first stage in constructing a machine learning-based model is to 
separate the datasets into training and testing sets[14] . Twitter data is divided into training and testing data with a 
ratio of 90%:10% training and testing data [29]. Table 3 shows the TF-IDF weighting findings for the DANA, GoPay, 
and LinkAja e-wallets, as well as the top 5 features (terms) and rankings (ranks) for each dataset. 

TABLE 3. TF-IDF WEIGHTING RESULTS 

1. 

 

TF-IDF 

Terms and Ranks 

for DANA 

Term Rank 

dana 0,052372 
aplikasi 0,046557 

yang 0,027326 
iya 0,021876 

pakai 0.021869 

2. 

TF-IDF 

Terms and Ranks 

for GoPay 

Term Rank 

gopay 0,064101 
aplikasi 0,059774 
pakai 0,043840 
bayar 0,040722 

cashback 0,034653 

3. 

TF-IDF 

Terms and Ranks 

for LinkAja 

Term Rank 

linkaja 0,067321 
aplikasi 0,053159 
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E. Naive Bayes Classification 

Experiments were conducted utilizing a dataset that was divided into two parts: data training and data testing. A 
dataset that was split into training and test portions was used for the experiment. The goal of the categorization 
procedure is to use the data in the chosen category to create a model [30]. The algorithm learns from training data, 
which is subsequently tested on testing data. Based on the testing results, we created a confusion matrix that would 
be used to evaluate the algorithm[19].  Types of models in the Naive Bayes algorithm include Gaussian, Multinomial, 
and Bernoulli. The suggested approach employs the multinomial NB model, which predicts the badge of a text, such 
as an email or newspaper article. The likelihood of each badge is determined for a given sample, and the badge with 
the highest probability is returned as output. This technique, commonly used for natural language processing and text 
data analysis, proved ideal for analyzing sentiment in movie reviews [27]. 

F. Model Evaluation 

The confusion matrix evaluates machine learning algorithms based on classification and prediction data [6]. 
Evaluation was performed using a 3x3 multiclass confusion matrix. The 3x3 multiclass confusion matrix includes: 

TNeg  : Number of negative predictions from negative actual data 
FNegNet  : Number of neutral predictions from negative actual data 
FNegPos  : Number of positive predictions from negative actual data 
FNetNeg  : Number of negative predictions from neutral actual data 
TNet  : Number of neutral predictions from neutral actual data 
FNetPos : Number of positive predictions from neutral actual data 
FPosNeg  : Number of negative predictions from positive actual data 
FPosNet : Number of neutral predictions from positive actual data 
TPos  : Number of positive predictions from positive actual data 

 
The 3x3 multiclass confusion matrix of each algorithm is shown in Table 4. 

 

TABLE 4. . 3X3 MULTICLASS CONFUSION MATRIX 

 
Prediction 

Negative Neutral Positive 

Actual 
Negative TNeg FNegNet FNegPos 
Neutral FNetNeg TNet FNetPos 
Positive FPosNeg FPosNet TPos 

 
III. EXPERIMENTAL RESULT  

Naïve Bayes is implemented using scikit-learn, a Python tool for classification. The average accuracy results 
of each e-wallets are shown in Table 5. 

TABLE 5. AVERAGE RESULT OF NAÏVE BAYES ACCURACY ON E-WALLETS 

1. 

 

TF-IDF 

Terms and Ranks 

for DANA 

Term Rank 

dana 0,052372 
aplikasi 0,046557 

yang 0,027326 
iya 0,021876 

pakai 0.021869 
bayar 0,044489 

mypertamina 0,044127 
iya 0,039807 
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No. Types of Electronic Wallets 
Naïve Bayes Accuracy 

Results 

1. DANA 72% 

2. GoPay 88% 

3. LinkAja 88% 

 
According to Table 5, the test data prediction results for each e-wallet reveal that the model achieves an 

accuracy of 72% on the DANA application and 88% on GoPay and LinkAja. The Naïve Bayes classification model 
is evaluated using a 3x3 multiclass confusion matrix, displaying its performance on test data with known values. Table 
6 shows the 3x3 multiclass confusion matrix sentiment analysis of the electronic wallets DANA, GoPay and LinkAja. 

TABLE 6. MODEL EVALUATION USING A 3X3 MULTICLASS CONFUSION MATRIX 

DANA 
Prediction 

Negative Neutral Positive 

Actual 
Negative 0 0 9 

Neutral 0 0 5 

Positive 0 0 36 

GoPay 
Prediction 

Negative Neutral Positive 

Actual 
Negative 0 0 3 

Neutral 0 0 3 

Positive 0 0 44 

LinkAja 
Prediction 

Negative Neutral Positive 

Actual 
Negative 0 0 3 

Neutral 0 0 3 

Positive 0 0 44 

 
Table 6 shows the results of the 3x3 multiclass confusion matrix study of the DANA e-wallet, which revealed 

that 9 positive samples were incorrectly predicted as negative, 5 positive samples were incorrectly predicted as neutral, 
and 36 positive samples were correctly predicted. Meanwhile, the results of the 3x3 multiclass confusion matrix of 
the GoPay and LinkAja wallets both revealed that 3 positive samples were incorrectly predicted as negative, 3 positive 
samples were incorrectly predicted as neutral, and 44 positive samples were correctly predicted. 

Table 7 shows the results of the distribution of sentiment analysis of DANA, GoPay, and LinkAja e-wallets. 

TABLE 7. RESULTS OF THE DISTRIBUTION OF SENTIMENT ANALYSIS OF E-WALLETS 

No. Types of Electronic Wallets 
Sentiment (%) 

Negative Neutral Positive 
1. DANA 16,6% 9,0% 74,4% 
2. GoPay 9,4% 11,4% 79,2% 
3. LinkAja 8,0% 12,2% 79,8% 

Table 7 shows that sentiment analysis on DANA e-wallet produces negative sentiment of 16.6%, followed by 
neutral sentiment of 9.0%, and positive sentiment of 74.4%, while on GoPay e-wallet it produces negative sentiment 
of 9.4%, neutral sentiment of 11.4%, and positive sentiment of 79.2%, then LinkAja e-wallet produces negative 
sentiment of 8.0%, neutral sentiment of 12.2%, and positive sentiment of 79.8%. So, it can be concluded that LinkAja 
e-wallet produces the highest percentage of positive sentiment, which is 79.8%, only slightly different from GoPay 
which has a positive sentiment of 79.2%, while DANA has the lowest positive sentiment, which is 74.4%. 

 
 

IV. CONCLUSION 

User perceptions of electronic wallet applications are influenced by factors such as features, promotions, and 
service integration. The research findings show that the LinkAja e-wallet app ranked first due to a higher percentage 
of positive sentiment compared to the others, followed closely by GoPay, which only slightly differed in positive 
sentiment from LinkAja, and lastly, DANA. The Naïve Bayes Classifier algorithm achieved an accuracy of 72% in 
sentiment analysis for the DANA e-wallet app, while GoPay and LinkAja achieved accuracies of 88%. This 
contributes to addressing the research problem and objectives. It is hoped that future studies will expand the dataset 
from Twitter (X) and the Google Play Store review section to enhance the results, as well as use other classification 
methods to compare the model testing results to identify the best data classification method. 
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