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Abstract: Shopee PayLater (SPayLater) is an online lending service widely used by Indonesians. The
high usage of this service has led to diverse user opinions regarding the experience of using SPayLater
on social media platform X. The large number of comments generated makes the manual analysis process
inefficient, so an automated method capable of quickly and accurately recognizing user sentiment
tendencies is needed. This study aims to analyze user sentiment towards the SPayLater service and
evaluate the performance of the IndoBERT model in classifying comments based on social media
platform X data. The research data consists of 800 comments collected manually using keywords related
to SPayLater. Next, the data went through preprocessing stages including data cleaning, case folding,
tokenizing, and normalization before being divided into training data and test data for the IndoBERT
model fine-tuning process. The fine-tuned IndoBERT model achieved an accuracy of 97.50%, a precision
0f97.56%, arecall of 97.50%, and an F1-score of 97.46%. In the classification results, negative sentiment
dominated with 392 comments, followed by neutral sentiment with 293 comments and positive sentiment
with 115 comments. This achievement proves that IndoBERT is capable of classifying user sentiment
with a very high level of accuracy, making this method suitable for sentiment analysis of online lending

services based on social media data.
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1. Introduction

The rapid development of the digital era has made technology a vital part of everyday life,
transforming the way people interact, work, and communicate. The advent of the Industrial Revolution
4.0 has spurred innovations across many sectors, including the financial sector, which has given rise to
new business models and disrupted the conventional banking system. One important innovation
emerging from this development is Financial Technology (Fintech), which offers more efficient and
secure financial services through modern transaction processes. Among the various Fintech services
available, online loans (pinjol) have become a popular solution for people seeking fast and convenient
credit access [1].

Online loans can be defined as financial services that utilize applications or information technology
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and operate entirely online. These services fall under the category of financial technology (Fintech),
which is a financial innovation developed by non-bank institutions to provide faster and more accessible
financial access. The rapid development of Fintech has also driven the emergence of online loans, making
it easier for people to access financial services [2].

The growth of online lending services is marked by the use of the internet as a medium for
transactions, including in various banking activities. One social media platform frequently used by the
public to express opinions and experiences regarding online lending services is the app X, formerly
known as Twitter. The number of X users continues to increase annually, generating enormous volumes
of data. This phenomenon is known as Big Data, which refers to large-scale, rapidly changing, and
complex data sets that require specialized processing techniques for effective and meaningful use, one of
which is sentiment analysis [2]-[3].

Sentiment analysis is a process used to determine public opinion regarding a particular object. In
the context of online lending, sentiment analysis is crucial for understanding public perception of these
services [4] — [6], particularly regarding the various risks that frequently arise, such as high interest rates,
personal data leaks, and fraudulent activities that harm users. Therefore, this study was conducted to
determine public opinion regarding online lending applications through the social media platform X
using sentiment analysis. The results can be used to understand the risks and potential for fraud in online
lending services [7].

Sentiment analysis can be performed using either deep learning or machine learning [ 8]. Studies [9—
10] have applied deep learning models such as LSTM, whereas [11-16] have employed machine learning
models. The BERT (Bidirectional Encoder Representations From Transformers) method is a transformer-
based architecture model designed to deeply understand word context using a bidirectional approach,
reading sentences from left to right and right to left simultaneously. This bidirectional capability allows
BERT to capture the meaning and nuances of words in a sentence more accurately, thus proving effective
for various tasks such as text classification and sentiment analysis [9]. In this study, IndoBERT, a BERT
variant specifically retrained using an Indonesian corpus, is used to classify comments from social media
users regarding online lending services into positive, negative, and neutral sentiment categories.

Based on the problem description, this study focused on the Shopee PayLater (SPayLater) service.
This service is one of the most widely used online lending products by Indonesians and has a high
comment volume on social media platform X, making it a representative target for sentiment analysis.
IndoBERT was chosen as the text classification approach due to its ability to understand Indonesian
context bidirectionally and its ability to produce good performance in sentiment analysis tasks. With this
approach, user sentiment in this study is grouped into three categories, namely positive, negative, and

neutral.
2. Method and materials
2.1 Dataset

The dataset is the initial and fundamental step in this research. The news dataset was collected from
various sources to ensure sufficient content variety for the clustering and classification process. A total
of 80.121 data sets were collected.
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2.2 Model Usulan

The research stages were carried out systematically to ensure the process ran smoothly. The research

flow can be seen in Figure 1.

Start dentification of Data collection —|
problems dataset

End Model |, implementation of the

Evaluation | BERT model

< data labeling

Figure 1. Research Stage Flowchart

2.1 Problem Identification

The problem addressed in this study is how to identify and analyze user sentiment towards the
Shopee PayLater (SPayLater) service based on opinions posted on social media platform X. This analysis
aims to determine public perceptions of the quality of SPayLater's service.
2.2 Data Collection

Data collection in this study was conducted manually through direct observation on social media
platform X. The data collected consisted of user comments or posts discussing the Shopee PayLater
(SPayLayer) service using search keywords such as SPayLater, Shopee PayLater, PayLater bills, and
PayLater interest. The data collection process involved reading and transcribing each relevant comment
into a structured Excel file to facilitate further data processing. This resulted in 800 comments, which
were then divided into 80% training data and 20% test data before sentiment labeling and modeling using
IndoBERT.
2.3 Data Preprocessing

This stage is crucial in sentiment analysis, as the comment data obtained from social media platform
X is still in raw text form, containing various irrelevant elements, such as punctuation, emojis,
abbreviations, and non-standard words. The preprocessed data can be seen in Table 1.

Table 1. Comments to be processed

Original Comment Sentiment label
“SPayLater prosesnya cepat banget, limit langsung aktif - Positive
“Bunga SPayLater lumayan tinggi bikin berat” Negative
“SPayLater sudah terdaftar OJK jadi lebih aman” Neutral

2.4 Data Labelling
The data labeling stage is carried out to assign a sentiment category to each comment that has
undergone preprocessing. This labeling is important because it will serve as a reference in training the

IndoBERT model to distinguish comments based on their polarity. Labeling is done manually (manual
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annotation) by reading each comment and determining its sentiment polarity based on the meaning of the
opinion contained in the text. In this study, three categories were used: positive, negative, and neutral.

The results of the data labeling for the three sample categories can be seen in Table 2.

Table 2. Data Labeling Results

Original Comment Result of Preprocessing Sentiment Label
“SPayLater prosesnya cepat banget, SPaylLater proses cepat Positive
limit langsung aktif & ” limit aktif
“Bunga SPayLater lumayan tinggi bunga SPayLater tinggi Negative
bikin berat” berat
“SPayLater sudah terdaftar OJK jadi SPayLater daftar ojk aman Neutral

lebih aman”

2.5 Implemented indobert
The BERT model implementation used in this study was IndoBERT with the

indobenchmark/indobert-base-pl pre-trained model, a BERT variant developed specifically for

Indonesian language processing. IndoBERT was chosen based on its ability to understand Indonesian

context more accurately than general-language (multilingual) BERT models, making it more suited to

the characteristics of the Indonesian comment data used in this study. The implementation process was
carried out through fine-tuning, adjusting the IndoBERT pre-trained model to suit the characteristics of
the research data. The stages of BERT model implementation in this study are as follows:

1. Text Tokenization: The processed comment data is converted into tokens using the BERT tokenizer.
A special token [CLS] is added at the beginning of the text and [SEP] at the end as a marker.

2. Conversion to Numeric Form: The resulting tokens are converted into numeric IDs according to the
IndoBERT dictionary, then adjusted for length using padding or truncation, with a maximum token
length of 128.

3. Embedding Formation: Each token is represented as a vector consisting of a token embedding, a
position embedding, and a segment embedding.

4. Bidirectional Encoding: The IndoBERT encoder processes the embedding vector bidirectionally to
understand the context of the word from both the left and right sides.

5. Classification Layer: The final token representation [CLS] is fed into the classification layer, using
the softmax activation function to generate sentiment class probabilities.

6. Model Fine-Tuning: All IndoBERT parameters are retrained using this research dataset to match
the characteristics of comment data related to the Shopee PayLater (SPayLater) service.

7. Sentiment Prediction: The model predicts sentiment as positive, negative, or neutral based on the
highest probability.

8.  Mathematically, BERT utilizes a self-attention mechanism calculated using the equation shown in

equation 1.

Attention (Q,K,V) ft (KQT) 1% M
ention (Q, K, = softmax
Ja

Where Q (Query), K (Key), and V (Value) are the input vector representations, while dy is the vector

dimension. This mechanism allows the model to understand the relationship between words contextually.
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The final token representation [CLS] is then fed into the classification function, the formula for which
can be seen in equation 2.
y = softmax (Wh + b) )
The highest probability value determines the sentiment class, the formula for which can be seen in
equation 3

y = argmax(y) (3)
2.6 Model Evaluation

Model evaluation was conducted to assess the extent to which the fine-tuned IndoBERT model
accurately classified sentiment in the test data. The evaluation process was conducted by comparing the
model's predictions against the actual labels in the test data to determine the degree of agreement between
the model's predictions and the actual data. Based on this comparison, four evaluation metrics were
calculated: accuracy, precision, recall, and F1-score.

Given that this study involved three sentiment classes (positive, negative, and neutral), precision,
recall, and F1-score values were first calculated for each class and then combined into a single final value
using a weighted average method, which is an average weighted by the amount of data in each class. This
allows the evaluation results to better reflect the model's overall performance, considering the proportion
of data in each sentiment class.

3. Result And Discussion
3.1. Dataset

The data used in this study were obtained manually through direct observation on social media
platform X using search keywords such as SPayLater, Shopee PayLater, PayLater bills and PayLater
interest, then copied into a structured format in the form of an Excel file to obtain 800 comment data
used as the main dataset in this study. The dataset was then divided into 640 training data (80%) and 160
test data (20%) using the train test split function from the Scikit-Learn library. The results of the
identification of irrelevant elements such as emojis, punctuation, symbols, non-standard abbreviations
that require a preprocessing stage before they can be processed by the model. Sample comment data

along with sentiment labels used in this study can be seen in Table 3.

Table 3. Dataset crawling results

COMMENT DATA SENTIMENT LABEL
ucap seseorang yg udh lunas tagihannya tp masih tergoda bebelian Negatif
hari ni doang kan lu, besok jg make lagi Negatif
bener ka, sekarang bawaannya ga tenang banget Negatif
sama banget kaaak huhu rindu banget hidup tenang Negatif
jujur iya banget, tapi InsyaAllah aku akhir tahun debut free Netral
aku juga kangen, walaupun kere kaya gembel, nyesel banget dari kecil Negatif
sampe numpuk
Spaylatter gue stress banget sih ga lagi2 minjemin akun buat sodara Negatif
kredit hp mana bayar suka telat
sama banget ka.. kangen bgt masa-masa hidup tenang dan ga was-was Negatif
sama teror
Bener bangettt, masa-masa yg aku kangenin sebelum kena panjul. Hidup Negatif
lebih tenang

3.2. Data distribution
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The sentiment distribution bar chart is visualized using the matplotlib library to illustrate the
distribution of data across each sentiment category in the dataset. Each sentiment category is displayed
in a different color: green for positive sentiment, red for negative sentiment, and orange for neutral
sentiment, for ease of visualization. This bar chart shows the proportional comparison of data between

the three sentiment classes. For more clarity, see Figure 2.
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Figure 2. data distribution each class

3.3. Indobert implementation results

The BERT model was implemented using the IndoBERT variant with the indobenchmark/indobert-
base-pl pre-trained model. The implementation process included text tokenization, data conversion to
the PyTorch dataset format, and fine-tuning using Trainer from the Transformers library. Briefly, the
testing parameters used in the IndoBERT model training process in this study are presented in Table 4

below.
Table 4. BERT Model Testing Parameters

Parameter Value
Model pra-training 'indobenchmark/indobert-base-pl
Number of classes 3
Training and test data ratio 80:20
Maximum token length 128
Total epoch 3
Training batch size 8
Evaluation batch size 8
Training equipment GPU T4

After the parameter settings were applied, testing was carried out with five variations of epoch

values, namely 3, 5, 10, 30, and 100, using other parameters that still refer to Table 4. The test results can

be seen in Table 5 below.

Table 5. Test Results with Epoch Value Variations

Epoch Accuracy Precision Recall F1-Score
3 97,50% 97,56% 97,50% 97,46%
5 85,62% 87,17% 85,62% 86,05%
10 80,00% 81,26% 80,00% 79,60%
30 80,62% 80,44% 80,62% 80,45%
100 77,50% 77,99% 77,50% 77,57%

Based on Table 5, the best performance was achieved at epoch = 3 with an accuracy of 97.50%,
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precision of 97.56%, recall of 97.50%, and an F1-score of 97.46%. Model performance then tended to
decline as the number of epochs increased, reaching its lowest point at epoch = 100 with an accuracy of
77.50%. This decline indicates overfitting, where the model increasingly adapts to the training data,
resulting in a decline in its generalization ability to the test data. This is a normal occurrence considering
the relatively small sample size of 800. Based on these results, epoch = 3 was chosen as the final
configuration because it produced the best performance across all evaluation metrics.

In addition to testing the number of epochs, additional testing was conducted on the batch size to
ensure optimal training parameters. Testing was conducted on a fixed number of epochs, namely epoch
= 3, by comparing three batch sizes, namely 5, 8, and 10. The batch size also affects the number of
training steps, namely the number of model weight updates performed during the training process,
calculated by the number of training data divided by the batch size, then multiplied by the number of
epochs. Because the number of training data used is fixed, namely 640 data, the smaller the batch size
used, the more steps are produced. The test results are presented in Table 6 below.

Table 6. Batch Size Test Results on Epoch 3

Batch size Total Step Accuracy Precision Recall F1-Score
5 384 88,12% 88,09% 88,12% 88,10%
8 240 97,50% 97,56% 97,50% 97,46%
10 192 88,12% 88,72% 88,12% 88,34%

Based on Table 6, batch size affects the number of model weight updates during training. Smaller
batch sizes result in more frequent but less stable weight updates, while larger batch sizes result in more
stable but less frequent updates. A batch size of 8 provides the optimal balance between the two, resulting
in the highest classification performance compared to batch sizes of 10 and 5. Based on these results, a
batch size of 8 was chosen as the final parameter.

3.4. Confussion matrix results
The confusion matrix was visualized using the sns.heatmap function from the Seaborn library to
show a comparison between the model's predictions and the actual labels for each sentiment class. The

confusion matrix results in Figure 4 represent testing with an initial epoch value of 3.
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Figure 4. Confusion Matrix result
Based on Figure 4, the model demonstrates its best performance in classifying the negative class,
with 83 out of 84 data points correctly predicted. The neutral class follows, with 64 out of 65 data points
correctly predicted, while the positive class achieves 9 correct predictions out of 11, with 2 positive

instances misclassified as neutral. This misclassification stems from the fact that positive comments in
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the dataset are far less numerous than those in other classes, and their linguistic patterns sometimes

resemble those of neutral comments.

4. Conclusion

Based on the research results, it can be concluded that the sentiment analysis of social media users
X towards the Shopee PayLater (SPayLater) service produced three sentiment categories from 800
comment data, namely positive with 115 comments, negative with 392 comments, and neutral with 293
comments. These results indicate that most users gave a negative response to the SPayLater service,
especially regarding the interest rate that is considered high and billing problems. The IndoBERT model
used in this study was able to classify sentiment well, as evidenced by the accuracy value of 97.50%,
precision 97.56%, recall 97.50%, and F1-score 97.46%. This performance is superior to the Support
Vector Machine (SVM), Naive Bayes and Random Forest methods in previous studies. In addition, future

research needs to handle unbalanced data to see comparisons with this study.
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