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Abstract—Lalamove app is an online goods delivery service platform
available in Indonesia and can be downloaded on Google Play Store.
Every new user who uses the Lalamove app is likely to want to know
reviews from previous users on the Google Play Store. Sentiment
analysis is needed to find out the assessment of the Lalamove
application, whether the reviews tend to be positive or negative. The
stages of the sentiment analysis process are divided into several
stages, namely data retrieval, data labeling, preprocessing, word
weighting, classification process and data visualization. The
preprocessing stage is divided into several stages, namely case
folding, data cleaning, tokenizing, stopword removal and
normalization. The next process is to divide the data into 80%
training data and 20% testing data and then calculate TF-IDF for
further classification using the Support Vector Machine method. The
accuracy obtained is 91.6% with a recall of 97.7%, precision of
91.7%, f1-score of 94.6%, and there is an error rate of 0.9 or 9%.
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I. INTRODUCTION

Indonesia’s technology that continues to develop rapidly, the
use of smartphones is increasing and popular. Make people do
the activity of buying goods online by downloading on the
PlayStore. In Indonesia there are many slicing services that
cannot be separated from the various problems faced by
shipping service companies [1]. The main factor affecting the
shortage of delivery service services on smartphone users is
the opinion of customers on the PlayStore reviews. Reviews
can be accessed openly, making it easier for people to
compare delivery services to be used [2].

Using text analysis to collect data from the web and social
media sites is known as sentiment analysis. Sentiment analysis
is used to analyze public opinions about the rise of freight
forwarding services in Indonesia, there are many reviews of
freight forwarding service applications on the Google
PlayStore. This review aims to provide a brief review of the
application we want to use and see the shortcomings or
advantages of the application. Currently, there are more and
more one million reviews on the Lalamove application
(28/04/2024 14:44 WIB). Of the many reviews given, if you
look at the reviews one by one manually, it takes a long time
and is also ineffective. Therefore, sentiment analysis is needed
to process the opinion data from the review into positive and
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negative sentiments. By using sentiment analysis, it is
expected that companies and developers can improve and
improve the quality of the application [3].

In the increasingly competitive delivery business,
Lalamove's delivery service continues to innovate and grow.
Application is a 24/7 on-demand delivery application that
provides an effective, affordable, and reliable delivery solution
[4]. Providing services such as moving goods transport
services, pickup rental, blindvan rental, truck rental, box car
rental, and instant delivery of goods. Lalamove's choice of
payment methods is complete with credit/debit card, Bank
(ATM), Ovo,and LinkAja payment types. To improve the
performance of the company, customer satisfaction is a very
important aspect. Companies need to focus on what customers
think is important to achieve customer satisfaction. Therefore,
the company should conduct an assessment to determine what
factors affect customer assessment and how to meet customer
expectations.

In a review on social media platforms, in Wasim and
Hassan Mourad's research (2022) with sentiment analysis of
the iPhone release using a support vector machine to
determine user responses on twitter related to the release of
the latest iPhone and based on the results of accuracy
classification which can be 89.21%, precision 92.43%, Recall
95.53%, and F1 Score 93.95% [5] Then research by Mahmud
Isana, Gregorius Nathanael, and Bens Pardamean (2023) with
TikTok application user sentiment analysis using the vader
and SVM methods based on classification evaluation results
with the SVM algorithm resulted in positive precision values
of 65.6%, neutral 24.7%, and negative 9.7% [6]. Furthermore,
e-Commerce Product Review using Support Vector Machine
(SVM) Based TF-IDF by Siti Fidyanti Nurfadila and Riyanto
Jayadi the results of the analysis resulted in an accuracy of
98.9% [7]. Followed by research by Irma Surya and Irvan
Abraham (2023) with sentiment analysis of the shoppe
application using the support vector machine algorithm,
shoppe application review data was classified into positive and
negative comments about the application and resulted in an
accuracy of 98% [8]. Finally, sentiment analysis on ovo
payments using the Support Vector Machine (2022) concluded
that the accuracy value obtained from the application review
was 76.50% accuracy SVM and an increase of 6.25% by using
SVM with PSO (Particle Swarm Optimization) of 82.75% [9].
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Based on the description above, the user sentiment analysis
of freight forwarding application (Lalamove) was conducted
on PlayStore reviews using Support Vector Machine algorithm
with Python Programming Language. This research aims to
benefit Lalamove company and make Lalamove the best and
most used delivery service application in Indonesia.

II. METHOD
A. Collect Data

This study uses web scraping techniques for data retrieval
by collecting Lalamove application user review data on
Google Playstore using Jupyter Notebook with Python
programming language. Here is a Lalamove app review link
https://play.google.com/store/search?q=lalamove&c=apps  at
the initial stage, data retrieval is done by scraping using the
help of libraries in the Python programming language, namely
the google play scraper library with the app module

B. Data Labeling

Data labeling stage against the dataset already retrieved
using google play scraper. Labeling of positive and negative
data is done automatically on 1194 data based on stars given
on Lalamove app reviews on Google PlayStore. On the
labeling is divided into two namely, positive data labeling is
based on the number of more than 3 stars and negative
labeling is based on the number of smaller than 3 stars.

C. Preprocessing

The preprocessing stage is carried out to select data that has
value by selecting previous data that is processed into a
machine learning model so as not to affect the analysis results
and get better accuracy results. Preprocessing stages are case
folding, data cleansing, tokenization, stopword generation, and
normalization [10].

D. Data Training dan Data TestingPreprocessing

Data training is data used to learn an algorithm, while data
testing is data used to determine the performance of the
algorithm that has been done when finding new data that has
never been seen before. In this analysis data training and data
testing is divided into 80% data training and 20% data testing
[11].

E. Weighting of Word ( TF-IDF )

Weighting of word technique in this analysis is TF-IDF
(Term Frequency — inverse Document Frequency). Before
performing the classification using SVM each token on each
data to be classified must be converted into vector form. The
conversion of tokens into numerical vector form is called word
weighting. The TF-IDF equation is calculated from the TF
Value multiplied by the IDF value, then the TF-IDF equation
as follows:

tfidftd=tftd x idfd ¢))
tfidftd : Term Weights
tftd :Term Frequency word (t) on document (d)
idfd :Invers Document Frequency word (t)

Term Frequency is the weight of a word (t) as the number
of occurrences in a document(d). Term Frequency ignores the
order in which words appear, and most importantly the
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number of occurrences of each word(t) in the document(d).
The inverse document frequency is designed to mitigate the
impact of words that are too frequent in a document. The
result of word weighting using tfidf technique is a term
document matrix with dimensions [12].

Examples of word weighting using TFIDF technique will
be done using training data that can be seen in the table 3.11

TABLE 1. Data training examples for TFIDF organizations

Document Review
d1 The existence of Lalamove is very helpful with Lalamove's
delivery, which remains successful and successful
@ It's really hard to find a driver, but when you do find one,
they ask for more money

F. Support Vector Machine Classification

At this stage using Document Term Matrix from training
data and train_Y labeling with train Y labeling for 0 equals
negative and 1 equals positive. SVM requires completion of
optimization to obtain a linear hyperland. Optimization in this
study using modules from the library sklearn.svm the svm
module [12]. The equation used to obtain a linear hyperland is
as follows:

Wb e3WTW+C Ee, (1)
s.t. Ytrain{i] (Wrﬁ(dtnltmmm) + b) =1- & (2)
g =0

Classification process using SVM optimization is done
using SVM then get the value of accuracy and tested using
Confusion matrix algorithm Confusion Matrix is a table with 4
different combinations of predictive value and actual value
[13]. There are four terms that represent the results of the
classification process in the confusion matrix, namely True
Positive, True negative, False positive, and False negative.
Here is a figure of the confusion matrix 4 combination of
prediction and actual that can be seen in the figure 1.
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> : Type | Error
°
¥ ~
- v
- 2
T &
2 :ao (False Negative) (True Negative)
a 2 14 8
~ Type Il Error
-]

Figure 1. Combination of Confusion Matrix 4

The terms in the confusion matrix:

* True Positive: Correctly predicted positive data

* False Positive: Incorrectly predicted positive data

* False Negative: Negative Data predicted as positive data
* True Negative: positive data predicted as negative data

III. RESULT AND DISCUSSION

A. Data Collection Result

The Data taken using the google play scraper library is
796 review data. Then the scraper data is inserted into
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Microsoft Excel automatically with the format file Comma
Separed Value (.csv).

Table 2. Result of Collect Data Scrapper

International Research Journal of Advanced Engineering and Science

ISSN (Online): 2455-9024

wallet menu. |

Table 6. Result of Tokenizing

Hasil Cleaning Data Tokenizing

Content Score

All the features are great, and the payment is cheaper than other
apps. The only thing I don't like is that I can't top up my wallet
with the amount I want; I can only set it in the app. I also can't 3
transfer funds from my wallet. This is very frustrating! PLEASE
fix this in the wallet menu.

What is this, the wallet must contain a minimum of 1 million,
people only move once, so they don't use the extra money, but if
we press the order we can't cancel it and it's already in a hurry to
enter the driver's cellphone. It's not nice to cancel it.

B. Data Labeling Result

The labeling of positive data is based on the number of
more than 3 stars and the labeling of negative data is based on
the number of less than 3 stars. Data labeling is given a
number 1 for positive data and a number 0 for negative data.
From 1194 data there were 337 positive data and 857 negative
data.

Table 3. Result of Data Labeling

All the features are good and the | ['all', 'features', 'ok', 'and', 'payment',
payment is also cheaper than other | 'also', 'more', 'cheap', 'from', 'apps',
apps, the only thing I don't like is | 'other', 'only', 'which', 'don't', 'like', 'that',
that when I top up my wallet, the | 'my', 'top', 'up', 'wallet', mominal’, 'don't',
nominal amount cannot be | 'can', 'according to', 'meeds', 'which',
according to our needs, it can only | 'we', 'want', 'only', 'can', 'determined',
be determined in the app and I | 'in', 'app', 'and', 'mo', 'can', 'transfer',
can't transfer the balance in my | 'balance', 'which', 'there', 'in', 'wallet',
wallet. The app is very | 'app', 'very', 'disadvantageous', 'please’,
detrimental. Please fix it in the | 'so that', 'can', 'fixed', 'on', 'menu',
wallet menu 'wallet']

Table 7. Result of Stopword

Tokenizing Results Removal of Stopwords

Content Score | Sentiment

['all', 'features', 'ok', 'and', 'payment', 'also', | ['features', 'ok', 'payment’,
'more', 'cheap', 'from', 'apps', 'other', 'only', | 'also', 'cheap', 'apps', 'likes',
'which', 'don't', 'like', 'that', 'my', 'top', 'up', | 'sy, 'top', 'up', ‘'wallet,
‘'wallet', 'nominal', 'don't', 'can', 'according to', | 'nominal', ‘according to',
'‘needs', 'which', 'we', 'want', 'only', 'can', | 'needs', 'determined', 'app',
'determined', 'in', 'app', 'and', 'no', 'can', | 'tf, 'balance', 'wallet', 'app',
'transfer’, 'balance’, 'which', 'there’, 'in', 'wallet', | 'loss', 'please’, 'fix', 'menu’,
‘app', 'very', 'disadvantageous', 'please', 'so | 'wallet']

that', 'can’, 'fixed', 'on', 'menu’, 'wallet']

All the features are great, and the payment is cheaper
than other apps. The only thing I don't like is that I
can't top up my wallet with the amount I want; I can
only set it in the app. I also can't transfer funds from
my wallet. This is very frustrating! PLEASE fix this in
the wallet menu.

Table 8. Result of Normalisasi

What is this, the wallet must contain a minimum of 1
million, people only move once, so they don't use the
extra money, but if we press the order we can't cancel 1
it and it's already rushing into the driver's cellphone.
It's not nice to cancel it.

Stopword Removal Results Normalization
['features', 'ok', 'payment', ‘also', | ['features', 'ok', ‘'payment', ‘'also',
'cheap', 'apps', 'likes', 'sy', 'top', 'up', | 'cheap', 'apps', 'like', 'me', 'top', 'up',
'wallet', 'nominal', 'according to', | 'wallet', 'nominal, ‘according to',
'‘needs', 'determined, ‘'app', 'tf, | 'needs', 'determined', ‘app', 'tf,
'balance', ‘'wallet', ‘'app', ‘'loss', | 'balance', 'wallet', 'app', 'loss', 'please’,
'please’, 'fix', 'menu’, 'wallet'] 'fix', 'menu’, 'wallet']

C. Preprocessing Result

Preprocessing is a stage of data processing before the data
is processed into a machine learning model. The preprocessing
stage is divided into several stages, namely case folding,
cleaning data, tokenizing, making stopwords, and
normalization to produce data that is ready to be classified
using a Support Vector Machine.

Table 4. Result of Case Folding

Ulasan Case Folding

All the features are great, and the
payment is cheaper than other apps.
The only thing I don't like is that I
can't top up my wallet with the
amount [ want; I can only set it in
the app. I also can't transfer funds
from my wallet. This is very
frustrating! PLEASE fix this in the
wallet menu.

All the features are good and the
payment is also cheaper than other
apps. The only thing I don't like is
that I can't top up my wallet with the
nominal amount I want, it can only be
determined in the app. I also can't
transfer the balance in the app's
wallet. It's very detrimental!!! Please
fix this in the wallet menu.

Table 5. Result of Cleaning Data

Hasil Case Folding Cleaning Data

All the features are good and the | All the features are good and the
payment is also cheaper than other | payment is also cheaper than other apps,
apps. The only thing I don't like is | the only thing I don't like is that when I
that I can't top up my wallet with | top up my wallet, the nominal amount
the nominal amount I want, it can | cannot be according to our needs, it can
only be determined in the app. I | only be determined in the app and I
also can't transfer the balance in | can't transfer the balance in my wallet.
the app's wallet. It's very | The app is very detrimental. Please fix
detrimental!!! Please fix this in the | it in the wallet menu
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D. Training and Testing Data Result

The results of training data and testing data are divided
into 80% training data and 20% testing data. Training Data
were used as many as 955 data and testing data as many as
239 data.

G. Weighting of Word ( TF-IDF )

The final result of the TF-IDF calculation will produce a
document term matrix (dtm) on the calculation for training
data and testing data. Formation of document term matrix
using scikit-lern library function is tfidfvectorizer function.
The resulting Output from the calculation of TF-IDF can be
seen in figure 2 and 3.

(@, 4983) ©.17187117298588597
(@, 4876) 0.12687494428617488
(@, 4875) 0.854208267254448694
(@, 4683) 0.85865865625446848
(@, 4663) 6.106428423199586415
(@, 4482) 0.14888672095882957
(@, 4481) 0.2288748458349787
(B, 4273) 0.88789734991871

(@, 4262) ©.11393372825958769
(@, 4233) ©.12831252245258595
(@, 4231) 0.872281436858142165
(@, 4134) ©.13995984353889668
(e, 4844) ©.1488868720805862057
(e, 3972) 6.108822115686422154
(e, 3768) 0.88086320306535842609
(@, 3655) 0.14888672095882957
(@, 3499) 0.88910207374361166
(@, 3283) 6.89254432394714233

Figure 2. Document Term Matrix Data Training
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(@, 4875) 8.11635366945324549
(@, 457a) 8.18609667266583075

(@, 4538) 8.22187432287925352
(e, 4415) 8.264481085893562763
(@, 3997) 8.18648235885799682
(@, 3981) 8.317876126308815526
(@, 3779) 8.19733629348406977
(e, 3616) 8.17946982142653878
(@, 3185) 8.182284859380836335
(@, 294a8) 8.20448185893562763
(@, 2343) 8.24868334476129898

(e, 2304) 2.18819296658568852
(e, 2188) 8.16818859586694234
(@, 1997) 8.15897534248435884
(@, 1899) 8.1968526657146847

(@, 1878) 8.23739174458775458
(e, 182@) 8.13772794408689442
(@, 1321) 8.87771433122829895

Figure 3. Document Term Matrix Data Testing

E. Support Vector Machine Clasiffication Result

After the data is trained and get the classification model
using the Support Vector Machine, the next step is to test the
testing data with the model that has been made previously
with the Support Vector Machine. In this study the testing data
used for 239 data. The test results show accuracy with Support
Vector Machine of 91.6%. Data accuracy testing is done by
calculating the truth of the sentiment of the actual results with
the sentiment of the predicted results. At 239 data will be
tested with the algorithm confusion matrix.

Table 9. Confusion Matrix

Confussion Matrix Hasil Aktual
= _35 0 (Negatif) 1 (Positif)
é s 1 (Positif) 177 (TP) 4 (FN)
) 0 (Negatif) 16 (FP) 42 (TN)

After getting the results of true Positive, true negative,
false positive, and true negative it will be calculated accuracy,
precision, recall, fl-score and error rate. The test result with
confusion matrix displays the output as figure 4.

Classification Report:

precision recall fl-score  support

] 8.92 8.98 8.95 181

1 @.91 8.72 6.81 L8

accuracy 8.92 239
macro avg @.92 6.85 .88 239
weighted avg .92 B8.92 B6.91 239

Figure 4. Output Confusion Matrix Testing

1. Accuracy

TP+TN
Accuracy = ———————x 100 % 3)
Y
Accuracy = ————— x 100 %
177+16+4+42

Accuracy =0.913 x 100% = 91,6 %
2. Precision

Precision = ——— x 100 % @)
TP4EP
Precision = T7e1e ~ 100 %
Precision = 0.917 x 100% = 91,7%
3. Recall
Recall = ——— x 100 % (5)
TP+EN 0
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177

Recall = x 100 %
177+4
Recall = 0.977 x 100% = 97.7%
4. F1-Score N
Fl- score = 22X pre.cr.sum X recall x 100 % (6)
precision + recall
Fl- score = 2227 X 0977 1)) %
0.917 +0.977
Fl- score = ———> x 100 %
0.917 + 0.977
F1-score =0.946 x 100 % =94.6%
5.  Error Rate
Error Rate = 1 — Akurasi @

Error Rate=1-0.913 =0.087
Error Rate = 0.087 x 100% = 9%

F. Data Visualization Result

At this stage will be done data visualization in the form of a
pie chart that aims to determine the positive and negative
sentiment data in the pie chart before and after using the
classification Support Vector Machine.

mmm Positive
mam Negative

Positive

Negative

Figure 5. Diagram Pie Before Using Classification SVM.

mmm Positive
B Negative

Positive

" Negative

Figure 6. Diagram Pie After Using Classification SVM.

IV. CONCLUSION

Based on the sentiment analysis of lalamove app delivery
service user reviews from Google PlayStore reviews using the
support vector machine algorithm for this study, it was found
that lalamove apps tend to have negative views. with a total
positive sentiment of 337 reviews and a total negative
sentiment of 857 reviews. The preprocessing stage carried out
in the data processing of 1194 Lalamove application reviews
was successfully carried out with the stages of case folding,
cleaning data, tokenizing, stopwords, and normalization with
the results of the dataset divided into two parts 80% and 20%,
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namely 955 training data and 239 testing data used to classify
using the support vector machine method. After conducting
research using the Support Vector Machine (SVM) algorithm
model, it can be concluded that SVM proved to be a good
enough classification algorithm to analyze sentiment in
lalamove application reviews with an accuracy of 91.6%,
recall of 97.7%, precision of 91.7%, fl-score of 94.6%, and an
error rate of 0.9 or 9%.
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