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Abstract 

The rapid development of digital technology has encouraged the adoption of mobile banking 

applications in Indonesia, but it has also led to an increase in user complaints and reviews 

regarding performance and ease of use. This study aims to conduct a comparative analysis of 

the performance of Machine Learning, Deep Learning, and Transformer (IndoBERT) models in 

classifying the sentiment of user reviews of Indonesian-language mobile banking applications. 

Data was collected through web scraping from the Google Play Store on ten leading banking 

applications in Indonesia with a total of 200,000 reviews. After going through the preprocessing 

stages of cleaning, normalisation, tokenisation, and stemming, automatic labelling was carried 

out based on ratings into three sentiment classes: positive, neutral, and negative. Machine 

learning models (Naïve Bayes, Logistic Regression, Random Forest, and SVM) were built using 

TF-IDF feature representation, while deep learning models (LSTM, Bi-LSTM, GRU, and CNN) 

utilised 128-dimensional word embeddings. The Transformer-based IndoBERT model was fine-

tuned with a sequence classification configuration. The evaluation used accuracy, precision, 

recall, and weighted F1-score metrics, accompanied by an analysis of training and testing time 

efficiency. The results show that the Bi-LSTM model performs best with an accuracy of 83.47% 

and an F1-score of 80.78%, followed by CNN (83.11%) and SVM (82.85%), while IndoBERT 

records an accuracy of 81.73% with a precision of 76.96%. In terms of efficiency, Logistic 

Regression showed an optimal balance between accuracy and training time (27.7 seconds), 

while deep learning and transformer models required higher computational resources. This 

study emphasises the importance of model selection based on requirements, between maximum 

accuracy and computational efficiency, and enriches the literature on Indonesian sentiment 

analysis in the domain of digital financial services.  
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INTRODUCTION 

The development of digital technology 

has changed the way Indonesians conduct 

financial activities (Purwanto et al., 2022). One 

of the most prominent innovations in the banking 

sector is Mobile Banking, which allows users to 

conduct financial transactions anytime and 

anywhere via mobile devices (Salman, 2023). 

Bank Indonesia data shows significant growth in 

the value of Mobile Banking transactions, 

reaching trillions of rupiah every month 

(Anggraeni & Khadafi, 2022). Applications such 

as BCA Mobile, BRImo, Livin' by Mandiri, and 

BNI Mobile have become the main services in 

Indonesia's digital banking ecosystem. This 

growth indicates high technology adoption, but 

it is also accompanied by increasing user 

expectations and complaints regarding the 

stability, security, and ease of use of the 

applications. 

User reviews on Google Play Store are 

now a rich source of data for evaluating the 

quality of digital banking services (Azarya & 

Budi, 2025). Each user can provide opinions that 

reflect satisfaction, frustration, or suggestions 

regarding specific features. The large number of 

reviews and their free-text nature make manual 

analysis difficult, requiring an automated 

approach based on sentiment analysis. Sentiment 

analysis serves to identify emotions or opinion 

tendencies (positive, negative, or neutral) from 

user review texts (Mola et al., 2024). With 

accurate analysis results, banks can understand 

public perceptions more quickly and based on 
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data, as well as make targeted service 

improvements. 

Previous studies have utilised machine 

learning methods for sentiment analysis in 

mobile banking applications in Indonesia. 

Models such as Naïve Bayes, Support Vector 

Machine (SVM), Random Forest, and Logistic 

Regression are widely used due to their simple 

implementation and high accuracy. However, 

conventional machine learning approaches still 

have limitations because they rely on statistical 

feature representations such as bag of words and 

TF-IDF, which do not capture the semantic 

context between words. In Indonesian, which 

has complex morphology and a variety of 

informal expressions (for example, in user 

reviews), this approach often loses contextual 

meaning. Therefore, Deep Learning-based 

approaches, such as Convolutional Neural 

Network (CNN) and Long Short-Term Memory 

(LSTM), have emerged, which are capable of 

automatically learning word sequence patterns 

and sentence context without having to define 

manual features. Deep learning models have 

been proven to improve text classification 

accuracy in various domains, including 

sentiment analysis. 

Furthermore, recent developments in the 

field of natural language processing (NLP) have 

been marked by the emergence of Transformer-

based models, such as BERT (Bidirectional 

Encoder Representations from Transformers) 

and IndoBERT, which was developed 

specifically for the Indonesian language. 

Transformer models use a self-attention 

mechanism to understand the bidirectional 

contextual relationships between words in a 

sentence, thereby providing a more accurate 

representation of meaning compared to 

conventional deep learning models. In the 

context of sentiment analysis, Transformer 

models have been proven to improve 

classification performance, especially for 

complex natural language texts, such as user 

reviews of applications. 

Although various studies have examined 

the performance of classical machine learning 

algorithms in Mobile Banking application 

sentiment analysis, comprehensive comparisons 

between Machine Learning, Deep Learning, and 

Transformer models in the context of user 

reviews in Indonesia are still very limited. In 

fact, this cross-paradigm comparative analysis is 

important for determining the most effective and 

efficient approach to understanding public 

perceptions of national digital banking services. 

 

LITERATUR REVIEW 
The development of digital technology 

and the internet has driven the increased use of 

Mobile Banking applications in Indonesia, 

which has also given rise to the need to 

understand user perceptions and satisfaction 

with these services. One approach that is widely 

used to automatically explore public opinion is 

text-based sentiment analysis of user reviews on 

the Google Play Store. A number of previous 

studies have applied various machine learning 

models to classify user sentiment towards 

mobile banking applications such as BCA 

Mobile, BRImo, BSI Mobile, and Mandiri 

Mobile Banking. 

Research by (Sari et al., 2023) used the 

Naïve Bayes algorithm to analyse BCA Mobile 

user reviews collected through web scraping 

from the Google Play Store. With text 

preprocessing and word weighting using TF-

IDF, this model achieved an accuracy of 82% 

with the majority of positive sentiments related 

to the ease and security of using the application. 

Similar results were also shown by (Nadira et al., 

2023), who applied Naïve Bayes with the InSet 

(Indonesia Sentiment Lexicon) dictionary to 

Victoria Mobile Banking application review 

data. The model achieved a precision of 90.4%, 

recall of 100%, and accuracy of 93.1%, proving 

the effectiveness of Naïve Bayes on Indonesian-

language text. Meanwhile, several studies 

compared the performance of different 

algorithms, such as the study by (Mifathusalam 

et al., 2023),which compared Random Forest 

and Naïve Bayes for sentiment classification on 

2,453 BCA Mobile reviews, with the result that 

Random Forest excelled with an accuracy of 

93.93% and an F1-score of 91.43%. Similar 

results were shown by (Astuti et al., 2022), who 

compared Support Vector Machine (SVM) and 

Naïve Bayes on BRImo review data. The study 

showed that SVM was superior with an accuracy 

of 97.69%, while Naïve Bayes achieved 96.53%. 

Research by (Zelina & Afiyati, 2024), 

which analysed Motion Banking reviews, also 

found that SVM with a linear kernel produced an 

accuracy of 93.7%, which was better than 

Decision Tree, which only achieved 83%. 

Additionally, (Rizky Pratama et al., 2023) 
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combined the Lexicon-Based and Support 

Vector Machine methods in sentiment analysis 

of the BRImo and BCA Mobile applications. 

The results showed an accuracy rate of 94% for 

BRImo and 95% for BCA Mobile, with 

sentiment visualisation generated through Power 

BI. Meanwhile, (Aryanusa et al., 2025) 

compared Logistic Regression and Multinomial 

Naïve Bayes on 200,000 reviews from four 

popular applications (blu by BCA, BRImo, BNI 

Mobile, and Livin' by Mandiri). This study 

shows that Logistic Regression has higher 

accuracy (92–93%) than Naïve Bayes (71–74%), 

and finds that most reviews are negative, 

particularly regarding login and verification 

features. Another study by (Arifiyanti et al., 

2023) evaluated four supervised learning 

algorithms, Multinomial Naïve Bayes, Support 

Vector Machine, Decision Tree, and K-Nearest 

Neighbour for sentiment analysis on the BSI 

Mobile application. The results showed that 

Naïve Bayes provided the best results with an 

ROC area of 0.84, followed by SVM (0.82). 

These results indicate that classic machine 

learning algorithms such as Naïve Bayes, SVM, 

and Random Forest are still the primary choice 

in Indonesian text sentiment analysis due to their 

ease of implementation and relatively high 

interpretability of results. However, all of the 

above studies still focus on conventional 

machine learning approaches. Studies that 

integrate Deep Learning methods such as CNN, 

LSTM, or Bi-LSTM, as well as Transformer 

models such as BERT and IndoBERT, are still 

rare in the context of Mobile Banking 

applications in Indonesia. In fact, contextually-

based models have better capabilities in 

capturing the semantic meaning and context of 

sentences than classic models based on statistical 

features (TF-IDF). 

Therefore, this research is important to 

compare the performance of Machine Learning, 

Deep Learning, and Transformer models in 

analysing the sentiment of Mobile Banking 

application user reviews in Indonesia, thereby 

providing empirical contributions to the 

development of a more accurate and adaptive 

Indonesian language opinion analysis system. 

 

METHOD 
The stages of the research methodology 

used in this study can be seen in Figure 1 below. 

 
Figure 1. Research Methodology Flow 

 

Data Collection 

Data is an important requirement, 

especially for researchers in analysing a 

phenomenon or searching for information 

informasi (Dwicahyo & Indah Ratnasari, 2023). 

The data collection process in this study was 

carried out using the web scraping technique, 

which is a technique for extracting data from 

websites (Flores et al., 2020) or, in this study, 

from user reviews available on Google Play 

Store. The main data sources were obtained from 

ten leading mobile banking applications in 

Indonesia.  

The scraping method was carried out 

using the python-based google-play-scraper 

library in Google Colaboratory Colaboratory 

(Reyan & Purwaningtyas, 2025) with the 

parameters of Indonesian language (lang='id') 

and Indonesia country (country='id') to ensure 

the relevance of the data collected. Each 

application was targeted to obtain approximately 

1,000 reviews, which were taken sequentially 

based on the latest reviews (sort by newest) to 

obtain a representation of the current condition 

of the application. 

The data variables successfully 

collected include review text content, numerical 

ratings (1-5 stars), and timestamps recording the 

time the reviews were written. This data 

collection process produced a comprehensive 

dataset capable of representing users' actual 

perceptions and experiences of Mobile Banking 

services in Indonesia. 

 

Data Preprocessing 

The data pre-processing stage is a 

critical step in this research, in order to prepare 

the review text data before sentiment analysis is 

carried out. This process is carried out through 

three main stages, namely text cleaning, 

normalisation, and data labelling. 
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1) The data cleaning process aims to improve 

data quality by detecting and correcting 

errors (Hosseinzadeh et al., 2023)  nd 

eliminating noise (Romli, 2021) and 

characters that are irrelevant to the analysis, 

including the removal of URLs, user 

mentions (@username), hashtags, numbers, 

punctuation marks, and emojis that often 

appear in Mobile Banking application 

reviews. In addition, whitespace 

normalisation is performed to remove 

excess spaces that can interfere with the 

tokenisation process. 

2) The normalisation stage aims to make 

several variables have the same value range 

(Kusnaidi et al., 2022), starting with case 

folding, which converts all text to lowercase 

for consistency in analysis. Next, 

tokenisation is performed using the NLTK 

library, which is  a ready-to-use open source 

program  package specifically for linguistic 

languages (Rifano et al., 2020) to break 

down text into smaller word units. The 

stopword removal process is applied using 

a list of Indonesian stopwords to remove 

irrelevant words in a sentence 

(Rinandyaswara et al., 2022). The final 

stage of normalisation is stemming using 

the Sastrawi algorithm, which is capable of 

processing words so that they can be 

converted into their basic form (Pardede & 

Darmawan, 2025), thereby reducing word 

variation and improving model accuracy. 

3) The sentiment labelling process is carried 

out into three sentiment classes, namely 

negative, neutral, and positive sentiments 

(Rachmadana Ismail et al., 2023), which are 

done automatically based on the ratings 

given by users in their reviews. The label 

"negative" is given to reviews with a rating 

of 1-2 stars, which represents user 

dissatisfaction, the label "neutral" is given 

to reviews with a rating of 3 stars, which 

indicates a normal or neutral response, and 

the label "positive" is given to reviews with 

a rating of 4-5 stars, which reflects user 

satisfaction. This labelling approach is 

based on the assumption that there is a 

strong correlation between numerical 

ratings and the sentiment expressed in the 

text content of reviews. 

After going through all stages of pre-

processing, the clean and structured data can be 

viewed in data exploration and is ready for 

feature extraction and input into the sentiment 

analysis model building process. 

 

Data Analysis Exploration  

The analytical data exploration (EDA) 

stage is a process of examining or understanding 

data from Mobile Banking application reviews 

and exploring insights or key characteristics of 

the data (Siambaton & Husein, 2022). Analysis 

of the distribution of ratings and sentiments 

reveals the composition of user preferences 

through chart visualisation, while textual 

analysis using word clouds shows the words that 

frequently appear in positive and negative 

reviews, providing an intuitive picture of the 

aspects of the application that are most often 

praised or criticised. Quantitative analysis of 

word frequency in negative reviews identifies 

the most frequently appearing words that 

represent systematic patterns of user complaints.  

 

Feature Extraction 

At the feature extraction stage, the 

technique used is TF-IDF Vectorizer (Term 

Frequency-Inverse Document Frequency) to 

evaluate how important a word (term) is in a 

document in the context of a larger document 

collection (Septiani & Isabela, 2022) and is a 

word weighting technique that calculates the 

Term Frequency value and counts the 

occurrence of a word in the entire text document 

collection (Hafizh Mahendra et al., 2023), which 

is able to capture the importance of a word in a 

document relative to the entire corpus. The 

selection of TF-IDF is based on its ability to give 

higher weight to words that are significant in a 

particular document, while reducing the weight 

of words that commonly appear throughout the 

document. 

Then, the data is split using stratified 

sampling by dividing the data into two parts, 

namely training data and testing data. The data is 

divided into 80% for training data and 20% for 

testing data (Dennis et al., 2022). This stratified 

division ensures that the distribution of 

sentiment classes (positive, neutral, negative) in 

both subsets remains proportional to the 

distribution of the original dataset, thus avoiding 

bias in model evaluation. The feature extraction 

results produce a TF-IDF matrix with 

dimensions that are optimal for training various 

models, where the training data is used for model 
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learning, while the testing data serves as a final 

evaluation of the model's generalisation ability 

on previously unseen data. 

 

Implementation And Modeling 

This study applies three comprehensive 

modelling approaches for sentiment analysis of 

Mobile Banking application reviews. The first 

approach uses traditional machine learning 

algorithms that enable sentiment classification 

tasks. The models implemented are: 

1) Naive Bayes, because it has superior 

performance for testing categorical data 

types and attributes in data that are 

independent of each other (Nadira et al., 

2023). 

2) Logistic Regression, due to its ability to 

identify linear relationships between input 

and output variables (Adrian & Verawati, 

2025) and provide easily interpretable 

results, making it ideal for initial analysis 

(Wahid & Utomo, 2024). 

3) Support Vector Machine (SVM), because it 

has a stronger and mathematically defined 

concept and aims to find the optimal 

hyperplane by maximising the distance 

between data classes (Aldren Marpaung et 

al., 2024). 

4) Random Forest, because it can produce 

relatively low errors, has good 

performance, and is suitable for large 

amounts of data (Mifathusalam et al., 2023) 

and combines several decision trees to 

provide more stable results and resistance to 

overfitting (Wahid & Utomo, 2024). 

The second approach utilises Deep 

Learning techniques by implementing four 

different neural network architecture models, 

with inputs processed through an embedding 

layer with a dimension of 128, followed by 

sequence padding up to a length of 100 tokens. 

The hyperparameters applied include a dropout 

rate of 0.5 for regularisation, a learning rate of 

0.001, and a batch size of 32 with early stopping 

to prevent overfitting and 20 epochs. The 

architectural models used include: 

1) LSTM (Long Short-Term Memory), 

because this type of artificial neural 

network architecture can learn and process 

data sequentially. LSTM is suitable for 

analysing sequential data such as text and 

can recognise patterns in data to make 

predictions about sentiment (Rolangon et 

al., 2023). 

2) Bi-LSTM (Bidirectional LSTM) processes 

information bidirectionally, as it captures 

contextual information at a higher level and 

has the ability to handle long-term 

dependencies in complex data (Rolangon et 

al., 2023). 

3) GRU (Gated Recurrent Unit) has a structure 

similar to LSTM, but is simpler and more 

efficient because it only uses two gates, 

namely the update gate and the reset gate. 

The update gate is used to control how 

much new information will be stored in the 

cell memory, while the reset gate is used to 

control how much old information will be 

stored in the cell memory (Rolangon et al., 

2023). 

4) CNN (Convolutional Neural Network) for 

local feature extraction is faster in training 

and able to avoid overfitting, while still 

retaining important information for 

accurate sentiment classification (Widaad 

& Anggraini, 2024). 

 

The third approach implements a 

Transformer-based model using IndoBERT 

(Indonesian Bidirectional Encoder 

Representations from Transformers), which is a 

Transformer-based model optimised for the 

Indonesian language with its ability to process 

text bidirectionally. IndoBERT is able to capture 

the context of words based on the information 

before and after them (Yoga Pratama et al., 

2025). The indobenchmark/IndoBERT-base-p1 

model was fine-tuned on the Mobile Banking 

review dataset with a training strategy optimised 

for computational efficiency. 

Text preprocessing uses a special IndoBERT 

tokeniser with max_length=128, truncation, and 

padding configurations to standardise input 

length. The model architecture is initialised as 

sequence classification with three output labels, 

then transferred to the GPU if available to speed 

up computation. The training configuration 

includes 2 epochs with a batch size of 8 for 

training and 16 for evaluation, equipped with 50 

warmup steps, 0.01 weight decay, and mixed 

precision (FP16) for memory efficiency. 

The evaluation strategy is carried out every 50 

steps with the best model stored based on 

accuracy, while the evaluation metrics include 

accuracy, precision, recall, and F1-score 
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calculated on a weighted basis. Thus, it is 

expected to be able to capture the nuances of 

sentiment in Mobile Banking application 

reviews more accurately than conventional 

models. 

 

Model Evaluation 

A comprehensive evaluation was 

conducted to measure the performance of all 

models implemented using a multi-aspect 

approach. The main evaluation metrics used 

included accuracy, precision, recall, and F1-

score, which were calculated on a weighted 

basis to address class imbalance. Accuracy 

measures the proportion of correct predictions 

overall, while precision represents the 

consistency of positive predictions, and recall 

measures the model's ability to identify actual 

instances. F1-score is a key metric as the 

harmonic mean of precision and recall, 

providing a balanced view of model 

performance. A confusion matrix was used for 

detailed analysis of classification error patterns 

per sentiment class, identifying whether the 

model tended to experience false positives or 

false negatives in certain categories. 

Computational efficiency is evaluated 

by measuring execution time, which includes 

training time and testing time. Training time 

represents the time required to learn patterns 

from training data, which is influenced by model 

complexity and dataset size. Testing time 

measures the speed of predictions on large-scale 

test data. Time measurements are performed 

using a high-precision time module, ensuring 

accuracy in recording performance differences 

between models. 

Comparative analysis was conducted by 

considering the trade-off between classification 

performance and computational complexity. 

Models with high accuracy but requiring long 

training times may not be practical for 

production implementation, while fast but less 

accurate models are ineffective for classification 

tasks. The efficiency score was calculated as the 

ratio of accuracy to total execution time, 

providing a quantitative indicator of each 

model's computational effectiveness. 

Visual analysis through an accuracy 

versus training time scatter plot helps identify 

models that achieve an optimal balance between 

performance and efficiency, enabling model 

selection based on specific application 

requirements, whether prioritising maximum 

accuracy or response speed. 

 

RESULT AND DISCUSSION 

Based on the research method applied, 

this study collected data through web scraping 

techniques on 10 mobile banking applications on 

Google Play Store, obtaining a total of 200,000 

data points, the details of which can be seen in 

Table 1 below. 

 

Tabel 1. Data Collection Results 
No. Bank Name Number of data 

1 Bank Mandiri 20,000 

2 Bank BRI 20,000 

3 Bank BCA 20,000 

4 BNI Bank 20,000 

5 BTN Bank 20,000 

6 BSI Bank 20,000 

7 Neo Bank 20,000 

8 Jago Bank 20,000 

9 Amar Bank 20,000 

10 SeaBank 20,000 

 

The collected data was then processed. 

The results of data processing in this study, 

which involved text cleaning, normalisation and 

labelling techniques, yielded 146,623 data 

points. Samples of the processed data can be 

seen in Figure 2 below. 

 

 
 

Figure 2. Data Preprocessing Results 

 

After the data processing stage, the results 

of the data exploration reveal the characteristics 

and patterns of the dataset, which show an 

uneven distribution of sentiment in the Mobile 

Banking application reviews, with the majority 

of users tending to give positive evaluations, as 
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seen in the bar chart visualisation in Figure 3 and 

the ratings in the pie chart in Figure 4 below. 

 

 
 

Figure 3. Sentimen Distribution 

 

 
Figure 4. Rating Distribution 

 

Textual analysis through word clouds 

successfully identified significant keyword 

patterns that differed between positive and 

negative reviews. Positive reviews are shown in 

Figure 5, which is dominated by terms such as 

"easy", "good", and "fast", while negative 

reviews are shown in Figure 6, which contains 

many words such as "error", "slow", and 

"difficult" that reflect the main pain points of 

users. 

 

 
Figure 5. Positive Sentimen WordCloud 

 

 
Figure 6. Negative Sentimen WordCloud 

 

In terms of frequency analysis, there are 

20 words that frequently appear in negative 

reviews, as shown in Table 2. This identification 

reveals common complaints such as technical 

problems (error, crash), performance issues 

(slow), and usability concerns (difficult), which 

not only form the foundation for developing a 

sentiment classification model but also provide 

valuable insights for application developers 

regarding critical areas that need improvement 

based on direct user feedback. 

 

Table 2. Frequency Analysis Results 
No. Word Number of Words 

1 Aplikasi 17,796  

2. Guna 12,436 

3. Mau 11,730 

4. Gak 10,658 

5. Masuk 8,721 

6. Bank 8,348 

7. Buka 7,977 

8. Aja 7,667 

9. Malah 7,024 

10. Udah 6,760 

11. Terus 6,750 

12. Padahal 6,744 

13. Transaksi 6,594 

14. Login 6,351 

15. Saldo 6,304 

16. Susah 5,762 

17. Baik 5,759 

18. Update 5,554 

19. Gagal 5,044 

20. Baru 5. 044 

 

The implementation of feature 

extraction using the TF-IDF Vectorizer 

successfully converted the processed review text 

into an optimal numerical representation for 

modelling. The parameter configuration applied 

includes max_features=5000, which limits the 

number of features to the 5000 most significant 

words, and ngram_range=(1,2), which allows 
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the extraction of not only single words 

(unigrams) but also word pairs (bigrams), thus 

successfully identifying not only single words 

but also characteristic phrase patterns in Mobile 

Banking application reviews such as "difficult to 

log in", "smooth transfer", and "failed update" 

which have specific meanings in the context of 

user evaluation. And in the dataset division with 

a ratio of 80:20 using stratified sampling, a 

balanced class distribution between training and 

testing data can be seen in Table 3. This division 

ensures that the model is evaluated on data that 

truly represents the variation of the original 

population, so that the evaluation metrics 

obtained can be relied upon to measure the 

model's generalisation ability. 

 

 

 
Figure 7. Results of Machine Learning, Deep Learning, and Tranformer-IndoBERT Models 

 

 

 
Figure 8. Confusion Matrix of Machine Learning, Deep Learning, and Transformer-IndoBERT 

 

Naive
Bayes

Logistic
Regression

Random
Forest

Support
Vector

Machine
LSTM Bi-LSTM GRU CNN IndoBERT

Accuracy 0,8198 0,8268 0,8182 0,8285 0,5278 0,8347 0,5278 0,8311 0,8173

Precision 0,8038 0,781 0,7887 0,7789 0,2786 0,7883 0,2786 0,7865 0,7696

Recall 0,8198 0,8268 0,8182 0,8285 0,5278 0,8347 0,5278 0,8311 0,8173

F1-Score 0,7948 0,8021 0,7934 0,8013 0,3647 0,8078 0,3647 0,8044 0,7904
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Table 3. Dataset Divison 
No. Type Number of Data 

1 Training Data 117,298 

2. Testing Data  29,325 

 

Based on the results of the experiments 

conducted, this study successfully implemented 

and evaluated three modelling approaches for 

sentiment analysis of Mobile Banking 

application reviews, as shown in Figure 7. In the 

traditional machine learning approach, the four 

algorithms tested showed competitive 

performance with a range of 81-83%. Logistic 

Regression recorded the highest accuracy of 

0.8268, followed by SVM with 0.8285, while 

Naive Bayes and Random Forest achieved 

0.8198 and 0.8182, respectively. 

 

Deep architecture shows different 

performance in analysing the sentiment of user 

reviews of mobile banking applications in 

Indonesia. The LSTM and GRU models have the 

same performance with an accuracy value of 

0.5278, precision of 0.2786, recall of 0.5278, and 

F1-score of 0.3647, which indicates the model's 

inability to effectively distinguish sentiment 

classes, suggesting the possibility of overfitting 

or class distribution imbalance in the training 

data. The Bi-LSTM model showed a significant 

improvement in performance compared to 

LSTM and GRU, with an accuracy of 0.8347 and 

an F1-score of 0.8078. The bidirectional 

structure of Bi-LSTM allows the model to 

understand the context of words more deeply, 

both from the front and back directions, enabling 

it to capture more complex sentiment meanings. 

Meanwhile, the CNN model also showed 

competitive performance with an accuracy of 

0.8311 and an F1-score of 0.8044, slightly lower 

than Bi-LSTM but with much higher 

computational efficiency. 

The implementation of the IndoBERT 

Transformer model showed excellent 

performance in sentiment analysis of user 

reviews of mobile banking applications in 

Indonesia. This model achieved an accuracy of 

0.8173, precision of 0.7696, recall of 0.8173, and 

an F1-score of 0.7904. These values indicate that 

IndoBERT is capable of consistently classifying 

sentiment between positive and negative 

predictions with a low error rate. This 

performance proves that the Transformer-based 

approach with the Bidirectional Encoder 

Representations from Transformers (BERT) 

architecture, which has been adapted for the 

Indonesian language, is capable of 

understanding complex linguistic contexts and 

variations in language expression in user 

reviews. 

Comprehensive evaluation results of the 

nine implemented models show a confusion 

matrix in Figure 8 or significant performance 

variations in terms of classification accuracy and 

computational efficiency. In terms of 

classification accuracy, the Bi-LSTM model 

achieved the highest performance with an 

accuracy of 83.47%, followed by CNN (83.11%) 

and SVM (82.85%), while the LSTM and GRU 

models recorded the lowest accuracy of 52.78%. 

Precision and recall analysis revealed a 

consistent pattern with the highest F1-Score 

achieved by Bi-LSTM (80.78%), demonstrating 

the best ability to balance precision and recall 

across the three sentiment classes. 

 

 
Figure 9. Model Training and Testing Time 

Measurements 

From a computational efficiency 

perspective, as shown in Figure 9, the time 

measurement results reveal a striking disparity. 

The Naive Bayes model recorded the best 

efficiency with a training time of only 0.85 

seconds and a testing time of 0.008 seconds, 

making it the most computationally lightweight 

solution. In contrast, the SVM model required 

0 5000 10000 15000 20000

Training…

Testing Time…

Training Time
(s)

Testing Time
(s)

IndoBERT 10546,8 191,2373

CNN 1167,11 20,5426

GRU 5526,28 41,1671

Bi-LSTM 6202,52 123,1687

LSTM 5469,91 44,4315

Support Vector
Machine

15766,8577 189,5218

Random Forest 538,4656 3,1569

Logistic
Regression

27,7089 0,0153

Naive Bayes 0,8495 0,0076
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the longest training time, reaching 15.766 

seconds (≈4.4 hours), accompanied by a testing 

time of 189.52 seconds. The Transformer 

(IndoBERT) model also required significant 

computational resources, with a training time of 

10.546 seconds and a testing time of 191 

seconds. 

 

 
Figure 10. Trade-off: Accuracy vs Training 

time 

 

The trade-off analysis between accuracy 

and efficiency in Figure 10 reveals that Machine 

Learning models are generally more efficient, 

with Logistic Regression offering an optimal 

balance between accuracy (82.68%) and 

reasonable training time (27.7 seconds). While 

Deep Learning models such as Bi-LSTM and 

CNN achieve slightly higher accuracy, they 

require 40-200 times longer training time 

compared to Logistic Regression. These results 

recommend model selection based on resource 

constraints: Naive Bayes for real-time 

applications with limited resources, Logistic 

Regression for practical implementations with 

adequate accuracy, and Bi-LSTM for scenarios 

that prioritise maximum accuracy at the expense 

of significant computational resources. 

 

CONCLUSION 

The research results show that the deep 

learning approach, particularly the Bi-LSTM 

model, provides the best performance in 

analysing the sentiment of mobile banking 

application user reviews, with an accuracy of 

83.47% and an F1-score of 80.78%. The 

bidirectional structure of Bi-LSTM is effective 

in understanding the complex linguistic context 

of the Indonesian language, while the CNN 

model shows competitive performance with 

higher training efficiency. Meanwhile, machine 

learning models such as Logistic Regression and 

SVM remain relevant for practical 

implementation thanks to their balance between 

accuracy and computational time efficiency. The 

IndoBERT Transformer model has proven 

capable of capturing deeper semantic context, 

although it requires greater computational 

resources. 

In terms of efficiency, Logistic 

Regression is recommended for applications 

with limited resources, while Bi-LSTM is 

suitable for scenarios that demand maximum 

accuracy. This research provides an empirical 

contribution to understanding cross-paradigm 

performance in Indonesian text sentiment 

analysis, particularly in the domain of mobile 

banking. Further research could expand the 

approach by integrating inter-paradigm 

ensemble models such as Hybrid Transformer–

BiLSTM to improve generalisation and accuracy. 

In addition, it is recommended to expand the data 

corpus to other platforms such as the App Store 

and social media, and to apply an aspect-based 

sentiment analysis approach to identify specific 

aspects (application features, security, 

performance) that most influence user 

perception. 
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