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Abstract—The use of mobile applications is increasingly in demand by the public because it can facilitate users in their daily
activities. Gojek application is one of the applications used as online transportation which ranks first with the highest download
rate in Indonesia. Despite getting to the top level, gojek experienced a significant decline in downloads compared to the previous
download average. This is an opportunity for researchers to use sentiment analysis material to find user reviews of gojek
applications in several aspects. This research compares machine learning and deep learning methods. Maximum Entropy and
Recurrent Neural Network (RNN) methods are used by combining the two methods with Chi-Square as feature selection and TF-
IDF as feature extraction. The comparison was carried out on 4052 data and gave positive or negative sentiments on the aspects of
availability, system, comfort, and transactions. The results show that the value contained in the RNN method gets better results
than using the Maximum Entropy method with an accuracy value on the availability aspect of 90.47% and an F1-Score value of
83.85%, an accuracy value on the system aspect of 88.97% and an F1-Score value of 85.36%, an accuracy value for the comfort
aspect of 81.79% and an F1-Score of 69.275% and an accuracy value on the transaction aspect of 94.05% and an F1-Score of
90.45%. Based on these results, this study can prove an increase in accuracy of more than 5% in each aspect used.
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1. INTRODUCTION

Transportation is an essential part of society, enabling people to carry out daily activities. However, technological
advances can also change transportation. One such innovation is online-based transportation, which people can access
via smartphones anytime and anywhere. Gojek is an application offering online transportation that has been operating
in Indonesia since 2009 [1]. Based on the results of The State of Mobile 2024 report published by data.ai and quoted
from the website portal databoks.katadata.co.id [2], that Gojek is the best online transportation application with 957
thousand downloads per month from smartphone users in Indonesia. However, this Figure is down by 29% from the
previous average, reaching 1.35 million downloads per month in 2022, while the Gojek app could reach 1.65 million
monthly downloads in 2020. As such, 2023 is the year with the lowest number of downloads from 2020 to 2023.

Information about product reviews and ratings is an example of information that is very important for decision-
making. Reviews and information about a product are stored in text form, therefore text mining is a solution for
retrieving information in text form. Based on the above report, one way to find out why the number of downloads
declined is to look at the reviews made by users for the Gojek application on the Google Play Store. These reviews
provide their opinions or thoughts about their experience with the app and consist of positive, negative, and neutral
reviews. That way, the company can use these reviews to improve its services related to online transportation. To
collect data through reviews in the Google Play Store app, a data processor is needed that uses aspect-based sentiment
analysis to identify reviews that are positive or negative toward certain elements. One data mining component is
Aspect-Based Sentiment Analysis (ASBA), which can be used to obtain more detailed information about aspects
derived from user reviews [3].

Several previous studies discussed online transportation through various approaches. Through research [4],
Support Vector Machine (SVM) and Naive Bayes models were used to examine online transportation applications
using sentiment on Twitter. The GrablD application has the highest accuracy with a precision value of 66.57%, recall
of 57.14%, and accuracy of 84.08%. Research [5] on improving the accuracy of Amazon food review sentiment
classification with Bidirectional LSTM and BERT Embedding found that the method obtained better accuracy results
of 93%. This is because deep learning focuses on the context of the sentence when doing the word vector extraction
process so that it can produce a good value representation of the word.

Based on the above research, the author compared the Machine Learning and Deep Learning methods, namely
Maximum Entropy with Recurrent Neural Network (RNN) on Gojek application reviews on the Google Play store.
Based on previous research, in this study, researchers prove that the use of Deep Learning methods are better at
classifying data than Machine Learning methods. So, the author uses the Maximum Entropy and RNN methods that
have never been studied in previous studies and adds Chi-Square as feature selection and TF-IDF as feature
extraction.

This research mainly focuses on sentiment analysis of online transportation service reviews on the Gojek
application based on Availability, System, Comfort, and Transaction factors. To perform this sentiment analysis, the
dataset used comes from user reviews of the Gojek application using the Indonesian language on Google Play store.
This data is crawled from August 2023 to September 2023. This research has two objectives: first, to evaluate the
level of model performance in terms of Availability, System, Comfort, and Transaction. The next goal is to evaluate
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the comparison results of the Maximum Entropy method with the Recurrent Neural Network (RNN). This is done by
using Chi-Square for feature selection and TF-IDF for feature extraction for each method.

Aspect-based Analysis (ABSA) is an analysis method that aims to identify sentiment aspects in text, whether
it consists of one or several relevant aspects [6]. ABSA also aims to classify relevant sentiment elements through text,
such as aspect terms or aspect categories, sentiment polarity, and opinion terms. Previous research [7] used the
Random Forest Classifier algorithm to perform aspect-based sentiment analysis on Tentrem Yogyakarta hotel reviews.
The results showed that the room aspect has the highest accuracy rate compared to other aspects; this aspect has a
value of 90 percent accuracy value and a 90 percent F1 score. These values were obtained by using the best number
of trees and tree depth parameters which greatly influenced the prediction results.

On the other hand [8], research discussed the effect of normalization, TF-IDF, and feature set selection on
sentiment classification using Maximum Entropy in Grab and Gojek case studies. This study found that the use of the
Maximum Entropy method resulted in an accuracy value of 90.67% and an F1-Score value of 84.3%, indicating that
the use of TF-IDF does not significantly affect the classification process's results but can still improve system
performance. In research [9] on comparing machine teaching algorithms for aspect-based sentiment analysis on female
daily reviews. This study used three sentiment categories: Random Forest, Support Vector Machine (SVM), and K-
Nearest Neighbor (KNN). The feature extraction is done using Chi-Square through K-Best Selected Feature. The
results show that the SVM algorithm with linear kernel gets the best accuracy value of 67.10%; the Random Forest
algorithm gets an accuracy value of 65.76%, and the KNN algorithm with K 50 gets a lower accuracy value of 60%.

Furthermore, in research [10] aspect-based sentiment analysis was carried out on Mybluebird application
reviews using N-Gram and logistic regression algorithms. The aspects studied include taxi user experience, function
app and user interface. Compared to the bigram, trigram, and unigram models, the unigram model is the best. By using
the unigram model, the curation value is 0.888, the accuracy value is 0.987, the recall value is 0.877, the F1-Score
value is 0.925, and the auc score value is 0.95. In [11], the researchers used the Recurrent Neural Network (RNN)
method to learn visitors' feelings about Bali beaches on the trip advisor website. In this study, the authors classified
the five best beaches in Bali. They found that Kelingking Beach received the highest accuracy value of 90%, with a
testing ratio of 80:20 as a reference.

2. RESEARCH METHODOLOGY
2.1 Methodology

In this study, building a system that can classify sentiments and categories regarding review data on the gojek
application. The description of the system to be built is in Figure 1:
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Figure 1. System Design
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2.2 Dataset

The dataset used in this study was collected from Gojek application reviews on Google Playstore using the Google
Play scraper API. The author then manually labeled the data to be grouped into two sentiment classes and four
category aspects. The 4052 review datasets used are in Indonesian.
a. Aspect Grouping Based on Words in Documents
Accessibility, system, convenience, and transaction are the four elements used in this research. This process aims
to categorize; a review containing a keyword will be included in one of the element categories. The table 1 below
the categorized elements used:
Table 1. Description of Each Aspect

Aspect Description Word Example

Availability  The availability aspect of the Gojek application can jemput, cancel
include transportation for delivering or picking up
users.

System The Gojek application system includes aspects of akses, server, eror,
application performance against the device's response,  sistem
such as errors, access problems to the system, and no
response from the system.

Comfort The comfort aspect of the Gojek application includes aman,  selamat,
the level of user satisfaction and comfort with the nyaman, percaya,
services provided. kecewa, lama

Transaction  Gojek application transactions include aspects of the potongan, mahal,
application, such as discounts and the number of tarif, promo

relatively expensive or cheap tariffs.

b. Labelling Data

Labeling is the process of manually labeling a data set. In this research, the labels assigned consist of two sentiment
classes: positive and negative. Reviews with positive values are assigned a value of 0, while reviews with negative
values are assigned a value of 1. The review data and an explanation of the sentiment towards a given element are
shown in table 2 below:

Table 2. Example data and explanation of each aspect of the labeled data

No Review Availability System Comfort Transaction
1  Bad server takes a long 0 1 0 0

Description
The server experienced a

time to load, even though
the network is good

delay in responding, so it
was given a negative
sentiment on the system
aspect.

lot of extra costs cost.
Better competitor apps

2 The application is good 0 0 1 0 The application provides
and useful, but the gojek good benefits for users, but
driver often has problems users do not get comfort

because Gojek drivers often
make mistakes. So that
negative sentiment is given
to the comfort aspect.

3 Thedriver is far away, 1 0 1 0 The availability of distant
even though there are vehicles makes users
many close ones, why uncomfortable, therefore
should they be far away given sentiment negative to

availability dan comfort
aspects.

4 The application is slow, a 0 1 1 1 The system experienced

delays, often providing
additional costs to
transactions so that users
felt uncomfortable. So that
they were given a negative
sentiment on the system,
comfort and transactions.

2.3 Data Preprocessing
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Data Preprocessing is the process of removing some data, which interferes with processing due to inconsistent data
structures [12]. Data preprocessing consists of several steps, including case folding, data cleaning, word tokenization,
word normalization, stop words, and stemming. Table 3 below shows the preprocessing process for sentences, along
with an explanation for each process:

Table 3. Preprocessing a sentence

Process Description

Case Folding Change to lowercase all letters in a document.

Cleaning Data Remove things that do not significantly affect the document, such as punctuation,
repetitive words, white spaces, and words consisting of three letters.

Tokenizing The process of separating sentences into word forms is called tokens.

Word Normalization ~ Converting a non-standard language into a standard language. For example, the
word 'sedikitpun’ becomes a little'

Stopword Removal It is removing of words that do not affect the document or text, such as the words
"from", "fOI"", "tO", llinlll
Stemming Removing suffixes is either a suffix or a prefix to return the word to its basic form.

2.4 Feature Extraction (Term Weighterd TF-IDF)

Term Frequency-Inverse Document Frequency (TF-IDF) is a method that has an essential value for each word in the
document [13]. The feature extraction method can give a value or weight to each word in the dataset. Term Frequency
(TF) is a word frequency (t) that appears in the document (d) and is referred to as word frequency. In contrast, inverse
document frequency (IDF) measures how often the word is used. The TF value will increase and the IDF value will
decrease if the word appears with a high frequency [14]. The equation used for weight calculation with TF-IDF is
below:

TFia = fra @

In equation (3.1) is the tf formula used to express the number of frequencies of the occurrence of terms in the
document, for the calculation of IDF is found in equation (2):

IDF, = log (dift) (3)

Equation (3.2) is a formula for the calculation of IDF where D expresses the sum of all documents, while df
is used to express the number of documents containing the term j. After the values of tf and idf are obtained, the weight
value of a term expressed by W in equation (3.3) will be calculated:

Wia = tfa X idf; (3)
2.5 Feature Selection Chi-Square

Feature selection is used to eliminate features that are considered less relevant in the classification process. Chi-
Square feature selection uses statistical theory to test the independence of a term (t) with its category or sentiment (c).
Based on statistical theory, there are two events in the selection of Chi-Square features: the emergence of features and
the emergence of categories [15]. Furthermore, each term value will be sorted from the highest based on equation (4):

N#*(AD—BC)?

2 —
x*(t,c) = (A+C)*(B+D)*(A+B)*(C+D) Q)

From the data above, N is the total number of all documents used. A is the number of terms (t) included in the
class ¢ document. B is the number of terms (t) that are not included in the document of class c. C is the number of
terms that are not terms (t) that are included in class c. D is the number of terms that are not terms (t) and are not
included in class c.

2.6 Maximum Entropy

Maximum Entropy is a classification method that uses entropy values or probabilities to classify data by looking for
the highest entropy value [16]. Entropy is a probabilistic value or, in other words, an uncertain value. The probability,
in this case, is taken based on the prediction results of the information contained in a review or sentence. The
probability of information from a review will be calculated using maximum Entropy and then grouped into negative
or positive sentiments. The general function of Entropy is found in equation (3.5):

Entropy(S) = — Xz P(Si) X log, P(S)) ®)

So, n is the number of values contained in sentiment attributes such as negative and positive. In P(S;)states the
sample probability for class i. Suppose with an example of a review "The application is good and useful, but Gojek
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drivers are often problematic". Based on the review, several words can be extracted, such as "good", "useful”, and
"problematic drivers". Of the three words, 2 positive sentiments and 1 negative sentiment will be taken to calculate
the probability value as a sentiment classification based on the features contained in the review.

In this study, the author defined that the result is a member of a set (y), and the condition that affects the result
is defined as the context, where the context is a member of the set (x). The set (x) is a set of features used in this
classification process. Furthermore, the output obtained by using the maximum Entropy is the probability of the set
(y) to (x) represented by the function f(x,y) in the following equation (3.6):

{1, jikay' = ydancp(x) = benar
floy) = {0, lainnya )

From the equation above, the feature function will be valued at 1 if y' = y; other than that, it will be given a
value of 0. In the training process, training data and features are used. Furthermore, the conditional probability or
cp(x) for a state (y|x) is calculated in the following equation (3.7):

_Miaifi(xy)

PO ==, )

And [T; a;f; (x,y) is the value of a specific event in a document against a class, which is a parameter or weight
value related to a feature and aififi(x,y) is the probability of the term x contained in class y. While the value of Z is
the normalized value of each word contained in the set (x) with the formula in the equation below (3.8):

Zo(x) = Zy [liaifi (x,y) (8)
2.7 Recurrent Neural Network

Recurrent Neural Network or RNN is one of the neural network architectures that can be used for sentiment analysis.
RNN also process input sequences based on state, so they can be used to perform NLP tasks [17]. Not only that, RNN
can also store a previous input that has sequence data using memory such as text, genome or time series. Because
basically, the RNN algorithm will perform a process on each input of a given word with a certain time step, which
then RNN will convert the input sequence into a vector of a fixed size [18]

Clazsification
Iaver
Output laver ¥
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F o H
Layer
Embedding ¥
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Gambar 2. Recurrent Neural Network

From Figure 2, it shows that there are four layers in the RNN algorithm, namely the embedding layer, hidden
layer, output layer, and classification layer. On layer X = {x1, x2, ... xn} is used as the embedding word of every word
in a sentence. Layer H = {h1, h2, ... hn} is the iterative layer where each node is in H is a repeating unit and the nodes
hj to jth are determined by the input vector xj and the last iteration is hj-1. Output layer or layer Y = {y1, y2.... yn} is
the output of the RNN classification. The last layer, the Player, is the logistic classification layer, where the results of
this layer can show positive sentiment on probability values. The value of each layer can be calculated using equations
(3.9), (3.10), (3.11):

hL=f(Wx, + Uh, + by) ©)
y1 = f(Vhi + by) (10)
P=1r (11)

Copyright © 2024 Authors, Page 1087
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v6i2.5767
https://creativecommons.org/licenses/by/4.0/

Building of Informatics, Technology and Science (BITS)
Volume 6, No 2, September 2024 Page: 1083-1091

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v6i2.5767

2.8 K-Fold Cross Validation Evaluation

K-Fold Cross Validation is an evaluation model used to test results and evaluate algorithms to get better results [19].
This research uses a k value of 10. In a way, it is divided into ten equal-sized parts, with ninety percent of the training
data and ten percent of the test data divided. Figure 3 below shows the division of data in each fold:

All Data

Training data Test data

Foldl | Fold2 | Fold3 | Fold4 | Fold5 °\

Split 1 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
Split 2 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5
> Finding Parameters
Split 3 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

Split4 Fold 1 Fold 2 Fold 3 Fold 4 Fold 5

spits | Fold1 || Fold2 || Folda || Folda |[ Folds |/

Final evaluation { Test data

Figure 3. The illustration K-Fold Cross Validation

2.9 Performance Evaluation

To see the level of performance of the system that has been built, we need to go to the next stage: evaluating through
measuring accuracy, precision, recall, and F1-Score values. Then, the results obtained from the prediction can be
represented using the confusion matrix. The following formula can be used to calculate the value of performance
evaluation

a. Accuracy
The accuracy value is the percentage of data that is predicted correctly compared to the entire amount of data.
TP+TN
accuracy = TP+FP+TN+FN (12)
b. Precision
Precision is the value obtained by comparing the positive values predicted correctly with all the predicted data.
precision = TPT-:JFP (13)
c. Recall
Recall is the ratio of data that shows accurate positive predictions to all available positive data.
recall = —— (14)
TP+FN
d. F1-Score
F1-Score is a performance metric that includes a portion of the recall and precision values.
F1— Score = 2x precision x recall — TP (15)

precision+recall TP+%(FP+FN)

Table 4. Performance Evaluation

Actual Values

Predicted Values Positive Negative
Positive True Positive (TP) False Positive (FP)
Negative False Negative (FN) True Negative (TN)

A confusion matrix is a method for representing predictions and actual conditions from data [20]. The matrix also
has four values that are used as a reference in calculations, as stated in Table 4. Based on the confusion matrix data
above, four values will be calculated including: First, when the prediction result and the actual class value are
correct, it will be called True Positive (TP). Second, when the prediction result is wrong and the actual class value
is wrong, it will be called True Negative (TN). Third, when the prediction result is correct and the actual class
value is wrong, it will be called False Positive (FP). And finally, when the prediction result is bad and the actual
class value is correct, it is called False Negative (FN).

Copyright © 2024 Authors, Page 1088
This Journal is licensed under a Creative Commons Attribution 4.0 International License


https://ejurnal.seminar-id.com/index.php/bits
https://doi.org/10.47065/bits.v6i2.5767
https://creativecommons.org/licenses/by/4.0/

Building of Informatics, Technology and Science (BITS)
Volume 6, No 2, September 2024 Page: 1083-1091

ISSN 2684-8910 (media cetak)

ISSN 2685-3310 (media online)

DOI 10.47065/bits.v6i2.5767

3. RESULT AND DISCUSSION

At the evaluation stage, researchers conducted tests on the system built to determine the system's performance in each
method used. Furthermore, in the classification stage, researchers used two methods, namely Maximum Entropy and
Recurrent Neural Network (RNN), on reviews on the Gojek application using 4052 review data with data distributed
based on aspects in Table 5.

Table 5. Data Distribution Based on Aspects

Aspects Label Total Amount
Positive Negative
Availability 2802 1250
System 2483 1569 4052
Comfort 2720 1332
Transaction 2756 1295

The dataset used has undergone a feature extraction process using TF-IDF, feature selection using Chi-Square,
and model evaluation using K-Fold Cross Validation with 10 folds, which can be interpreted as 90% for training data
and 10% for testing data. The results in this test take the accuracy and fl-score values in each classification, and a
comparison is made between the two models used. Result and Analysis Result on Maximum Entropy Testing

In this research, classification is done through Maximum Entropy by testing the number of folds on four
aspects. The results show that the first fold can provide the most accurate value for each aspect studied. For this
classification, the author performed ten iterations on each aspect with a min_Ildelta of 0.001 and used weighted to get
the best value on F1-Score. Thus the research obtained the best value by the Availability Aspect value of 72.91% and
F1-Score of 61.73% with an average accuracy value of 69.22% and F1-Score 56.73%.

Table 6. The Result of Maximum Entropy Test

Aspect
K-Fold Availability System Comfort Transaction
Accuracy F1- Accuracy F1-Score Accuracy F1- Accuracy F1-
Score Score Score
1 72.91% 61.73%  62.56% 48.15% 70.20%  57.90% 62.81% 48.46%
2 72.91% 61.48%  65.27% 51.81% 69.21% 56.62% 66.01% 52.75%
3 66.91% 53.65%  62.22% 47.73% 67.41% 54.28% 68.40% 56.01%
4 70.12% 58.06%  56.05% 40.26% 68.40% 55.56% 70.12% 57.81%
5 67.41% 54.28%  61.73% 47.63% 65.19% 51.45% 71.85% 60.08%
6 68.15% 55.24%  63.21% 48.96% 65.19% 51.45% 67.16% 53.97%
7 68.64% 56.13%  59.75% 44.70% 67.41% 54.28% 65.43% 51.76%
8 71.11% 59.11%  59.51% 44.40% 67.65% 54.60% 67.41% 55.16%
9 69.14% 56.52%  59.51% 44.40% 63.70% 49.58% 70.62% 58.46%
10 64.94% 51.13%  63.70% 49.58% 66.91% 53.65% 70.86% 59.03%
69.22% 56.73%  61.35% 46.76% 67.13%  53.94% 68.07% 55.35%
Average

3.1 Result and Analysis Result on Recurrent Neural Network

The best accuracy value in each aspect was found at different folds using the RNN classification model. The authors
of this study used a simple RNN with three layers, 512, 256, and 128. They also used two layers with a dropout value
of 0.5 to overcome overfitting on the dataset with a batch size of 64, epoch 50, used Adam as an optimizer, and iterated
on kfold evaluation of 10. That way, the best accuracy results on transactions can be found with a value of 95.56% and
F1-Score 92.50%. The average accuracy value is 94.0% and F1-Score is 90.45%.

Table 7. The Result of Recurrent Neural Network

Aspek
K-Fold Availability Sistem Comfort Transaksi
Akurasi F1- Akurasi F1- Akurasi F1- Akurasi F1-
Score Score Score Score

93.10% 87.27% 89.90% 86.20%  79.80% 64.96%  94.09%  91.89%
91.63% 83.96% 91.87% 88.58% 84.73% 72.07%  92.86%  89.30%
89.38% 83.00% 90.12% 86.21%  80.25% 64.60%  93.58%  89.43%
88.15% 78.38% 84.44% 81.42%  80.99% 69.80%  92.10%  86.44%

AW IN P
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89.38% 82.73% 88.40% 84.49% 82.22% 70.97%  93.83%  89.27%
90.37% 83.82% 91.85% 88.96%  79.26% 64.41%  94.81%  91.95%
91.11% 85.94% 86.67% 82.35% 82.47% 68.72%  94.32%  91.39%
89.88% 81.78% 89.88% 86.98% 82.72% 71.31%  94.57%  91.13%
91.60% 86.18% 88.15% 84.81% 81.48% 70.59%  95.56%  92.50%

10 90.12% 85.40% 88.40% 83.62% 83.95% 75.29%  94.81% 91.21%
Average 90.47% 83.85% 88.97% 85.36% 81.79% 69.27%  94.05%  90.45%

O 00 N O ol

3.2 The Comparison Result between Maximum Entropy and RNN

Based on the results of the data experiments above, it can be proven that RNN classification has the highest accuracy
value and F1-Score. The highest average accuracy results are obtained in the transaction aspect with an accuracy value
of 94.05% and F1-Score of 90.45%.

100 Perbandingan RNN & Max Entropy Berdasarkan Rata Rata Akurasi

- Ay
= Max Entropy

94.05%

Performansi (%)

Availability sistem comfort Transaksi
Aspek

Figure 4. The Comparison Result Based on the Accuracy

Based on the illustration in Figure 5 below, we can see the evaluation results of the RNN & Maximum Entropy
classification comparison based on the f1-score value with Chi Square weighting. In this evaluation, the f1-score value
is obtained better when using the RNN classification with a value of 90.45%. The transaction aspect with a significant
difference in F1-Score results against RNN classification with the best value of 56.73% is in the Availability aspect.
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100

= RNN
= Max Entropy 20.45%
%0
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80
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3

performansi (%)
By
3

Availability sistel

Figure 5. The Comparison Result Based on F1-Score

In this research, Recurrent Neural Network is known to be able to handle a constraint well even with a limited
amount of data. However, this result is inversely proportional to the Maximum Entropy model which is required to
have a sufficient amount of data for each class in the training dataset because this model is highly dependent on proper
feature representation. Thus, when the RNN model can provide better results, this can also be due to its ability to
capture the context in a text. This can be proven by the performance evaluation, which gets quite balanced results
compared to the maximum entropy classification.

4. CONCLUSION

Based on the results of the above research, it can conclude that the R and Maximum Entropy methods for sentiment
analysis of Gojek applications, which include aspects of availability, system, comfort, and transactions, obtained the
results that in the use of the TF-IDF feature extraction process and Chi-Square feature selection, the performance for
each method is 90: 10 in each division of training and training data. In the Recurrent Neural Network (RNN)
classification, the average transaction accuracy value is 94.05 percent, and the F1-Score value is 90.45 percent. This
research also shows that the deep learning RNN method using chi-square for feature weighting and TF-IDF for feature
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extraction can produce higher accuracy values on transaction aspects. The two methods can provide a significant
difference in value. However, when using classifications maximum Entropy or Recurrent Neural Network
classification, both classifications have advantages and disadvantages, depending on the specific characteristics of the
data and the problem at hand. Researchers suggest that future research should consider using a larger number of
datasets when conducting research, either on Maximum Entropy classification or Recurrent Neural Network
classification. Further research is also expected to use various feature selections or other feature extractions to provide
improvements in research.
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