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Abstract

The Indonesian government requires the public to use the Pedulilindungi application to mitigate the spread of the COVID-
19 virus. Users can download and access the Pedulilindungi application through the Google Play Store. There, users can
directly assess an application by providing reviews that can describe user responses and satisfaction with the application.
These reviews generate large amounts of text data that can be analysed using a text mining approach. Through the text
mining process, review data is extracted and analysed to uncover patterns and user sentiments over time. This study applied
the Naive Bayes Classifier (NBC) algorithm to create a time-based temporal sentiment classification model. Prior to
classification, a feature selection process with Information Gain is performed. Based on the experimental results, the best
evaluation was produced on temporal data dated September 03, 2021, with an accuracy of 91.9% and precision and recall
values of 99.9% and 91.9%, respectively.
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1. INTRODUCTION

The COVID-19 pandemic has spread to 220 countries including Indonesia, with a total of 4,129,020 cases as
of August 30, 2021, according to data obtained from the official website of the World Health Organization
(WHO) [1]. One of the policies implemented by the Indonesian government to break the chain of COVID-19
transmission is contact tracing of individuals confirmed to have COVID-19 or those who have had close contact
with confirmed cases using the Pedulilindungi application [2]. Based on the Minister of Communication and
Information Technology Decree No. 171 of 2020, the Pedulilindungi app is used for tracing, tracking, and
issuing warnings and fencing alerts to app users, in this case, the Indonesian public [3]. According to the
Minister of Home Affairs of the Republic of Indonesia's Instruction No. 38 of 2021 regarding the
Implementation of Community Activity Restrictions (PPKM), all members of the public are required to use
the Pedulilindungi app for screening when in crowded areas, public facilities, or other places or locations,
where this policy is effective from August 31, 2021, to September 6, 2021, and is updated periodically [4].
Users can download and use the Pedulilindungi application through the Google Play Store to access the
application. On the Google Play Store, users can directly rate the application by giving it a score from 1 to 5
and provide a review reflecting their feedback and satisfaction with the application [5]. Using a sentiment
analysis approach, we can use user reviews to evaluate applications and understand user sentiment towards
them effectively and efficiently [6]. Sentiment analysis is the process of understanding, interpreting, and
identifying the intent contained in textual opinion statements, which is part of the field of text mining [7]. Text
mining is the process of mining large amounts of data to obtain new information and discover interesting
sentence patterns using machine learning algorithms [8]. One type of sentiment analysis that can be performed
is temporal sentiment analysis. Temporal sentiment analysis aims to analyze temporal trends in data with time
variables, thereby identifying prominent sentiments in specific periods [8]. Research related to reviewing data
from the Google Play Store app market has also been used previously to perform sentiment analysis on several
applications, such as the Zoom Meeting app [5], Provider by.U [9], Go-Jek [10], Grab [11], Halodoc [12], and
other applications.

One of the machine learning algorithms, the Naive Bayes Classifier (NBC), can be applied to model data
classification [13]. By applying text mining and data mining techniques, relevant and specific information can
be obtained by classifying data into three opinion categories: negative, positive, and neutral [14]. The NBC
algorithm is a probabilistic classification algorithm based on Bayes' theorem. It is widely used in several cases
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because it is simple, efficient, performs well on datasets [13], and has a high learning efficiency rate by
estimating all probabilities during modeling with training data. [15] conducted previous research on the NBC
algorithm to categorize documents into 20 categories, with 1,000 documents for each category. In that study,
the researchers also compared the NBC algorithm and Support Vector Machine (SVM) using 10-fold cross-
validation, with the NBC algorithm showing a significant improvement over SVM, with an improvement rate
of +28.78% compared to SVM's +6.36%. In 2016, Dey, L. et al. conducted a sentiment analysis on movie
reviews from the website www.imdb.com, comprising 5,000 positive and 5,000 negative review records, using
the NBC and K-NN approaches. The NBC algorithm achieved an accuracy rate above 80% and performed
better than the K-NN approach [16].

On the other hand, NBC is very sensitive to too many features, which can result in low classification results
[17]. One way to address this issue is to apply feature selection techniques using the Information Gain method
to select features that influence the dataset. Information Gain is one of the feature selection techniques that can
be used to select the best terms in text data classification by measuring the likelihood of a word's occurrence
and non-occurrence using entropy values [17] [18]. Maulida et al. 2016 used Information Gain to select features
in Indonesian thesis abstract documents using various threshold values of 0.02, 0.05, and 0.07. In that study,
Information Gain reduced features by up to 89% at the 0.07 threshold [18]. In 2019, Information Gain was
used to select features in a tweet text dataset to classify Indonesian-language hate speech tweets using the NBC
algorithm. Using Information Gain with a threshold of 80% of the entire dataset improved algorithm
performance, achieving accuracy, precision, and recall of 98%, 100%, and 96%, respectively [19].

Based on previous research and supported by the issues presented, this study conducted sentiment analysis on
user reviews of the Pedulilindungi application obtained from the Google Play Store app market using the NBC
classification algorithm with the Information Gain technique as feature selection. This study will provide
helpful information for stakeholders, particularly application providers and developers. This study is also useful
for determining the effect of Information Gain implementation on the performance of the NBC classification
model, thereby improving the performance of temporal sentiment analysis modelling.

2. MATERIALS AND METHOD

This research consists of four main stages, namely data collection, data preprocessing, classification, and
sentiment analysis classification. The research stage scheme can be seen in Figure 1. The data used is user
review data from the Pedulilindungi application, collected from the Google Play store app market via the URL
link “play.google.com/store/apps/details?id=com.telkom.tracencare&hl=id&gl=US&showAlIReviews=true”
and the google_play_scraper library available in the Python programming language. The data collection
process yielded 24,214 review records from August 31 to September 6, 2021, by implementing the obligation
to use the Pedulilindungi app as stated in the Indonesian Minister of Home Affairs Instruction No. 38 of 2021.
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Figure 1. Research Methodology
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2.1 Pedulilindungi

The Pedulilindungi application has been established through the Decree of the Minister of Communication and
Information Technology Number 171 of 2020 concerning the Establishment of the Pedulilindungi Application
in the Context of Implementing Health Surveillance in Handling Coronavirus Disease 2019 (COVID-19). The
Pedulilindungi application, released on March 27, 2020, was built and developed by PT. Telekomunikasi
Indonesia Thk, whose copyright is exclusively licensed to the Ministry of Communication and Information
Technology of the Republic of Indonesia. It is used to trace, track, and issue warnings to application users, in
this case, the Indonesian public [3]. The Pedulilindungi app must be maintained and developed to fulfill its role
and functions in tracing, tracking, warning, and fencing COVID-19 among the Indonesian public [20].

2.2 Text Mining

Text mining, also known as text data mining, is the process of extracting knowledge from textual databases
through a semi-automated process to identify patterns in the data [21]. Text mining is discovering information
where users interact with a collection of documents over time using analytical tools [22]. According to Berry
and Kogan (2010), text mining can address classification, clustering, information extraction, and information
retrieval issues. The primary process in this technique is identifying words that represent the content of
documents for subsequent analysis of the relationships between documents [23].

In text mining, certain stages are required to process textual data into a more structured format. One of the
stages in text mining is preprocessing. It is the stage where data is prepared for further processing in the data
analysis stage [24]. The preprocessing stage in this study includes tokenizing, which is the stage of separating
input strings based on the set of words that compose them [25]. There is the stopword removal stage, which is
the stage of removing words contained in the stopword dictionary. Stopwords are very common and frequently
occurring words, such as conjunctions or linking words that do not affect sentiment, for example, words like
"to,” "that," "this," "is,” and so on [26]. The next step, the process of mapping and parsing various forms
(variants) of words into their base forms (stems) is performed, commonly referred to as the stemming process
[27].

2.3 Naive Bayes Classifier

The Naive Bayes Classifier (NBC) algorithm is based on probability and statistical methods developed by the
English scientist Thomas Bayes. NBC can be used to predict future probabilities based on previous experiences.
According to Andini (2013), the advantage of using the NBC algorithm is that it only requires a small amount
of training data to estimate the parameters (mean and variance of variables) needed for classification. This is
because the independent variables are assumed, and only the variables of each class will have their variance
determined, not the entire covariance matrix. NBC belongs to the Bayesian learning algorithm by calculating
explicit probabilities to describe the sought hypothesis [28]. Mahmudy and Widodo (2015) state that the NBC
algorithm can directly determine the hypothesis without going through a process or performing a search by
calculating the frequency of each word's occurrence in the training data. The advantage of applying the NBC
algorithm is that it can reduce data noise in large datasets [29]. However, the drawback is that it is susceptible
to too many features, resulting in low classification accuracy [30]. NBC is a classification algorithm based on
Bayes' theorem with the assumption of independence [7], used to predict data as accurately as possible [5]. In
applying the NBC algorithm, the following equation is used:

pP(X|H)pP(H)

P(HIX) = 510

@)

Where X is data with an unknown class, H is defined as the hypothesis of data X is a specific class, P(H|X) is
the probability of hypothesis H based on condition X, P(H) is the probability of hypothesis H (prior
probability), P(X|H) is the probability of X based on that condition, and P(X) is the probability of X.

2.4 Information Gain

Information gain is an approach to feature evaluation based on information theory, which measures how much
a feature contributes to reducing entropy or uncertainty in a dataset [31]. Entropy is a value of uncertainty in a
class calculated using the probability of occurrence in each feature [32]. The features with a higher Information
Gain value are more important for improving the classification process [33].

3. RESULTS AND DISCUSSION
Several processes are carried out at this stage, starting with (a) the data preprocessing stage, (b) classification
modeling with the NBC algorithm, and (c) sentiment analysis of the classification results.
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3.1 Data Preprocessing

Data preprocessing includes case folding, tokenizing, filtering, slang word removal, stopword removal, data
labeling, stemming, and data weighting. The case folding stage involves converting text data to lowercase
letters (case folding). Then, the input strings dataset is trimmed during the tokenizing stage based on each
composed word, where words are cut to be separated for further processing. The data filtering stage is the
process of removing characters other than the alphabet; removing symbols, emoticons, and punctuation marks;
removing whitespace (spaces, tabs, newlines); removing URLSs or links from each review; and changing slang
words or colloquial/slang terms. Then, the data labeling process is carried out to group the data based on a
dictionary of negative, positive, and neutral sentiments.

The next stage is the removal of stopwords from the data, where terms or words in each sentence that are
unrelated despite having a high frequency of occurrence need to be removed because they do not change the
meaning of the review. Stopwords are words that are very common and frequently appear, such as conjunctions
or linking words. Stopword removal is done to reduce features in the data and reduce computational load. Some
examples of words contained in stopwords are "for," "and," "or," and so on. Then, words that have gone through
the cleaning and labeling process will go through the steaming stage, which is finding the root words of each
previous data result. The cleaning process resulted in 22,900 clean data records. The results of the cleaning and
labeling processes for the review data are shown in Figures 2 and 3, respectively.

Data Cleaning Results
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Figure 2. Data Cleaning Results
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Figure 3. Data Labeling Results

After that, a weighting process is carried out where each word is given a weight using Term Frequency and
Inverse Document Frequency (TF-IDF), and the results of the weighting process produce features to be used
in the classification process, as shown in Table 1.
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Table 1. The Features Generated at Each Temporal

No. Date Feature
1 31 Agustus 2021 1185
2 1 September 2021 1271
3 2 September 2021 1105
4 3 September 2021 1636
5 4 September 2021 1550
6 5 September 2021 1426
7 6 September 2021 1630

3.2 Naive Bayes Classifier Model
The weighted data is divided into two parts: Training Data and Test Data. This study used the Hold-Out data
distribution technique, dividing the data into 70% training and 30% test data, resulting in the following data

distribution, as shown in Figure 4.
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Figure 4. Distribution of Training Data and Test Data

The data training process used the training data to create a model with the NBC algorithm, where data modeling
was performed based on temporal data. The modeling results with NBC were then used to perform testing with
the test data, resulting in a confusion matrix evaluation in Figure 5.
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Figure 5. Evaluation of Temporal Sentiment Analysis with the NBC Model

Based on the results of sentiment classification testing from user review data of the Pedulilindungi application
from August 30, 2021, to September 6, 2021, the accuracy was less than optimal, with the best evaluation
results obtained in the experiment using temporal data from September 6, 2021, with an accuracy of 74.61%,

Information Gain Feature Selection... (Helma, S.S et al, 2025)
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with precision and recall values of 74.61% and 70.30%, respectively. The lowest evaluation results were
obtained from the temporal data on September 2, 2021, with accuracy, precision, and recall values of 67.06%,
67.06%, and 67.06%, respectively.

Less influential features in the data may influence the less-than-optimal accuracy value, so performing feature
selection using the Information Gain method with a threshold of 0.0005 to select influential features on the
dataset is necessary. The results of classifying user review data from the Pedulilindungi application using the
NBC algorithm with Information Gain as the feature selection technique are as follows, as shown in Figure 6.

Temporal Sentiment Analysis performance with NBC + Information Gain
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Figure 6. Evaluation of Temporal Sentiment Analysis with the NBC and Information Gain

Based on the results of the experiment using feature selection with the Information Gain technique in sentiment
classification from user review data of the Pedulilindungi application from August 30, 2021, to September 6,
2021, the best evaluation was obtained in the experiment using temporal data from September 3, 2021, with an
accuracy of 91.9%, with precision and recall values of 99.9% and 91.9%, respectively. The lowest evaluation
results were obtained from the temporal data on September 2, 2021, with accuracy, precision, and recall values
of 65.8%, 65.8%, and 65.8%, respectively.

3.3 Sentiment Analysis

Sentiment analysis based on time in review data shows various words appearing at each time point. In the
review dated September 3, 2021, which is temporal data with the highest testing accuracy using the Information
Gain technique for feature selection, positive reviews are dominated by words such as oke; bagus; mantap;
bantu; top; keren; manfaat; lumayan; mudah; aplikasi; sertifikat; and others.
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Figure 7. Wordcloud of Positive Sentiment in Reviews on September 3, 2021

Meanwhile, the words that dominated positive reviews on September 2, 2021, temporal data with the lowest
testing accuracy, were oke; bagus; mantap; bantu; terima kasih; aplikasi bagus; moga manfaat; mudah; akses;
lumayan; and others.
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Based on Figure 9, the words that dominated the negative sentiment for reviews on September 3, 2021, are
aplikasi; sertifikat; vaksin; error; ribet; lambat; susah; buka; payah; jelek; and others. Conversely, in Figure
10, the September 2, 2021 reviews are dominated by the words aplikasi; vaksin; sertifikat; ribet; buruk; error;

otp; jelek; lambat; bug; and so on.
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Figure 9. Wordcloud of Negative Sentiment in Reviews on September 3, 2021
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Figure 10. Wordcloud of Negative Sentiment in Reviews on September 2, 2021

Based on Figure 11, the words that dominate the neutral sentiment in reviews on September 3, 2021, are
aplikasi; vaksin; good; bantu; sertifikat; update; mantul; buka baru unduh; and others.
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Figure 11. Wordcloud of Neutral Sentiment Reviews on September 3,2021

¥,

akses

Meanwhile, in Figure 12, reviews on September 2, 2021, are dominated by aplikasi; buka; bantu; vaksin; good,;
bagus; sertifikat; manfaat; error; lahir; and others.
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Figure 12. Wordcloud of Neutral Sentiment Reviews on September 2, 2021

4. CONCLUSION

Based on the results of this study, feature selection using the Information Gain technique can improve the
accuracy of sentiment classification in user review data for the Pedulilindungi application using the Naive
Bayes Classifier (NBC) algorithm, where the best evaluation was obtained on temporal data for September 3,
2021, which applied the Information Gain technique for feature selection at a threshold of 0.0005, yielding an
accuracy of 91.9%, with precision and recall values of 99.9% and 91.9%, respectively. The dominant words
appearing in positive sentiment on that date were oke; bagus; mantap; bantu; top; keren; manfaat; lumayan;
mudah; aplikasi; sertifikat; and others. The words that dominated the negative sentiment for reviews on
September 3, 2021, were aplikasi; sertifikat; vaksin; error; ribet; lambat; susah; buka; payah; jelek; and others.
Meanwhile, the words that dominated the neutral sentiment were aplikasi; vaksin; good; bantu; sertifikat;
update; mantul; buka; baru; unduh; and others.
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