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The ever-growing technology certainly produces a large amount of
data, which can provide useful information if analyzed and used
properly. The purpose of this research is to analyze user sentiment
towards the Sayurbox application on the Google Play Store with a
Lexicon-Based approach and the Support Vector Machine (SVM)
algorithm. User review data is obtained through web scraping with a
total of 16,468 reviews. After preprocessing and sentiment labeling,
training and test data were divided. The results showed that SVM
achieved accuracy, recall, and precision of 94%, 96%, and 96%
respectively, with 9 prediction errors. The model tends to predict
reviews as positive sentiment, indicating user satisfaction with
Sayurbox's product service, delivery, quality, and price. The findings
make a contribution to the understanding of user sentiment in e-
commerce services and can assist Sayurbox in improving their user
experience.

This is an open access article under the CC BY-SA license.
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1. Introduction

Technology's rapid growth can assist society in a variety of ways. The ever-changing
technology undoubtedly generates a significant amount of data, which might be important
information if studied and used correctly. Because of the high number of people that use the
internet nowadays, the amount of data generated is enormous (Big Data) [1]. Big data
technology facilitates the processing of massive and complicated data sets. [2], [3], such that
the processed data can yield useful results.
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Big data is currently being used extensively in mobile applications and websites. The Big Data
principle, which involves managing a large amount of data in a short period of time, is
required to run programs efficiently [3]. To make the program more useful to a large number
of individuals, an intermediate that makes it easier to access is required. Google's Play Store
[4] provides a variety of digital content categories, including games, applications, programs,
music, and books.

The Play Store feature employed is a rating or review, which allows users to express their
thoughts on the program that has been used [4]. Sayurbox is one of the offered applications.
Sayurbox is a mobile application that allows you to buy and sell kitchen items online. Sayurbox
simply delivers kitchen requirements, such as fresh vegetables and fruits from farmers,
quality protein, cooking packages, and cut veggies, as well as a variety of other basic needs,
by forming partnerships [5] with farmers.

To continue to adjust the application to the demands of users, additional study of user
evaluations or opinions, such as sentiment analysis, is required [6]. Machine learning, Lexicon-
Based, hybrid, and other techniques such as multimodal sentiment analysis, aspect-based
approach, and transfer learning are examples of commonly used sentiment analysis models
[7]. This study will classify sentiment using a Lexicon-based method and the Support Vector
Machine (SVM) algorithm on Sayurbox application user review data from the Google Play
Store.

The SVM approach was chosen since it is a well-known algorithm in classification applications.
SVM also has a high generalization rate even with limited training data and can be applied to
high-dimensional data [8]. The Lexicon-Based technique was chosen because it is simple to
develop, does not require a large amount of training data, is quick to run, transparent, can be
tailored to the application environment, lowers the danger of overfitting, and successfully
manages imbalance in review data [9]. The goal of this research is to examine the
performance of the Support Vector Machine (SVM) algorithm in sentiment categorization

2. Method

An experimental approach and quantitative methods were used in this research, to examine
user perception regarding the Sayurbox application. The user review data was collected from
the Google Play Store and then processed through various steps like - Data Cleansing,
tokenization, stopword removal & Text Normalisation. To analyse this information, we
resorted to two classification methodologies: Lexicon-Based - which uses a sentiment-based
lexicon for scoring words of the written review; and SVM (Support Vector Machine) algorithm.
The research workflow is illustrated in Figure 1, which outlines the sequentioal stages of data
collection, preprocessing, transformation, data mining, and evaluation.
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Figure 1. Flowchart of research method

2.1 Data Collection

The very first step in this research is data collection. This information was collected based on
user reviews of the Sayurbox app in Google Play Store. The data collection process is through
google colab using python and google play scraper module. Then connect and upload data
sets from Google Drive so that you can add further information for a study. Once the dataset
is imported, it also needs to be read and prepped up for computation.

2.2 Text Preprocessing

It then goes to the preperation phase, posing with data cleaning where all punctuation marks,
digits and special characters not important for review are removed from it. Data
preprocessing is a method to convert raw data in readable forms [10]. This is followed by
word tokenization which separates the words in review content for further analysis. For
stopwords removal, it is also used for Bahasa Indonesia to exclude frequent words that do
not returns any significant meaning in sentiment analysis such as minimalistic bahasa-
stopwords. In the end text normalization is used to transform terms into their root form
making it easier for an analysis.

2.3 Transformation

Data Labeling: Assign sentiment labels (positive, negative or neutral) for each review based
on a initial analysis, other data available in the form of you can ask someone to do so. Vector
representatives (TF-IDF) is then used to convert the text reviews into a feature vector which
allows us to build machine learning models.
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2.4 Data Mining

The data mining approach first divides the training and test into a particular fraction to duly
train & investigate the model. To achieve autonomous sentiment classification, data modeling
utilizing the Support Vector Machine (SVM) methodology is applied for model training. It also
adopts various models like Lexicon-Based Modelling which uses a lexicons to measure
emotion score per review.

2.5 Evaluation

At the end of all this we reach to evaluation stage where performance of training model is
judged. These metrics are used to measure the performance of model in terms of how well it
can classify the positive and negative sentiments from reviews, confusion matrix, precision,
recall, F1 score etc. Finally, we compare the sentiment analysis results using Lexicon-Based
and SVM approach to find out which method gives higher accuracy for sentiment of Sayurbox
application users.

3. Results and Discussion

| userName |user|mage| content | score imthpCu*evimCreatedVersim{ at

Yuni Yuni https://pl pengiriman cepat..packing aman..barang fresh..ter 5 01.571 2022-03-3123:22:32
Happy Agus Artawan https://pli sesuai pesanan dan kurirnya ramah mohon diperta 5 01.571 2022-03-31 23:18:27
Jakaria Amsari https://pl pengiriman tepat waktu , pilihan tepat berbelanja s 5 01.57.2 2022-03-31 22:54:45
novri apriyanto https://pli Cocok buat emak?® mager cem saiaah (@) udh gitu s 5 01.571 2022-03-3108:01:26
Meni Chandra https://pli sayur box makin mantap aja nih .pertahananya 5 01.571 2022-03-3107:18:30
nida hanifah https://pli Thanks ya, promonya banyak. Saran aja mungkin b 5 01.571 2022-03-31 06:15:55

Figure 2. Table of Research Datasets

This study uses data from user reviews of the Sayurbox app on the Playstore. Data is collected
using scraping techniques in Python on Google Colab, with supporting models such as nltk for
scraping data from Google Play Store. The data that was successfully retrieved were user
reviews from 2020 to 2022. When accessing Sayurbox application reviews, library reviews are
used to obtain all of the information needed for analysis, such as reviewlID, username,
content, score, date, and so on as depicted in Figure 2.

Scraping techniques yielded a total of 1906 reviews or comments from Sayurbox application
users. Following that, data duplication is cleaned, and the data is ready to move on to the
next step, which is to clean the reviews of emojis, punctuation marks, font irregularities, word
repetition, normalization, and so on as illustrated in Figure 4. The distribution of Sayurbox
user ratings per year is illustrated in Figure 3.
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Figure 3. Sayurbox App user rating distribution by year
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Figure 4. Data cleaning and tokenization
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Data exchange occurs when text preparation and sentiment tagging are completed. Training
data is used to train the algorithm, whereas testing data is used to evaluate the performance
of the trained technique when new data is acquired that has not previously been gathered.

Before entering the data labelling process, comments lack sentiment, making it difficult to
determine whether users provide favorable or negative feedback. Because sentiment tagging
is difficult to conduct manually, particularly with huge datasets, a Lexicon-based method is
utilized [11]. The application makes use of the InSet Lexicon dictionary [11], which includes
both positive and negative dictionaries.

The reviews are then allocated a value that affects the weight of the terms in the dictionary.
If it contains positive terms, the value increases by 5, while negative words reduce the value
by 5. After that, the word weights are tallied and classified as positive, negative, or neutral.
Neutral here indicates that the weight gained is equal to zero. The amount of positive and
negative labels is illustrated in Figure 5, showing that positive labels dominate the dataset
compared to negatives ones.

Amount of positive and negative labels

Figure 5. Amount of positive and negative labels

After labeling the data, the reviews are divided into training and testing sets. We also find the
parameters or limitations for data splitting that produce the maximum accuracy values in
order to reduce the incidence of model prediction mistakes.
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Figure 6. Visualization of accuracy graph

Figure 7. Visualization of precision graph

Figure 8. Visualization of recall graph

According to the findings of the preceding study into parameters or constraints on the optimal
test_size and random_state, the weighting of test_size = 0.1 and random_state = 20 yields
superior accuracy, recall, and precision values than other sizes. So the obtained size will be
utilized to split the dataset. The visualization of precicion and recall graphs is presented in
Figure 7 dan Figure 8, respectively, complementing the accuracy graph in Figure 6.
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As a consequence, the model can predict positive sentiment review test data by 70.37% (114
reviews) and negative sentiment by 29.63% (48 reviews). It is clear that the value of positive
sentiment is more widely distributed because the model predicts and defines more new
reviews as positive sentiment than negative sentiment, and because the model previously
learned and recognized more positive review data patterns than negative, it learned fewer
negative review data patterns.

Sayurbox App Review sentiment analysis
prediction results

29.63%, 48 Review

.\, 70 37%. 114 Review

Figure 9. Sayurbox App Review sentiment analysis prediction results
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Figure 10. Confusion matrix
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According to the research, the accuracy rate is 94%, recall is 96%, precision is 96%, and
prediction errors are 9 data points. Furthermore, the Sayurbox review test data predicted 114
favorable reviews and 48 negative reviews. The Support Vector Machine Algorithm is
recognized to forecast test data as positive sentiment rather than negative sentiment. As a
result, it is reasonable to assume that Sayurbox's customers are satisfied with the service,
delivery, quality, and price of its items.

4. Conclusion

According to the findings of this study, Sayurbox app users tend to provide good evaluations,
indicating satisfaction with the service, delivery, product quality, and price. The sentiment
analysis method, which employs the Lexicon-Based methodology and the SVM algorithm,
produces satisfactory findings with high accuracy, recall, and precision. Although the
algorithm predicts positive sentiment in evaluations, this can be used to help Sayurbox
enhance the quality of their services and goods.
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