International Journal on Vol.13 (2023) No. 5
Advar!ced Sci@nce ISSN: 2088-5334
Engineerin

Information Technology

Monitoring the Quality of PeduliLindungi Application
based on Customer Reviews on Google Play Using Hybrid Naive
Bayes -Laney p' Attribute Control Chart

Nia Triamalia Apsari ?, Muhammad Ahsan®", Muhammad Hisyam Lee®

“ Department of Statistics, Institut Teknologi Sepuluh Nopember, Surabaya, Indonesia
b Department of Mathematical Sciences, Universiti Teknologi Malaysia, Johor Bahru, Malaysia

Corresponding author: “muh.ahsan@its.ac.id

Abstract—Indonesia is battling the COVID-19 pandemic. One of the government's strategies to break the virus's transmission chain is
to track digital contacts in Indonesia using the PeduliLindungi application. The Google Play comment section is where users can express
their opinions about the app. User opinions discovered on Google Play can be used to perform sentiment analysis and quality evaluation.
The Naive Bayes classification can be used to identify how user opinions contain positive, neutral, or negative sentiments in user reviews
of the PeduliLindungi app on Google Play. The p and Laney p’ charts can be used for quality evaluation. Laney p' control chart is an
attribute chart used to monitor the proportion of defects with large and varied sample sizes. The data used in this study is from April
1, 2020, to March 31, 2022. According to the sentiment analysis results of user reviews of the PeduliLindungi app on Google Play, there
are more negative reviews than positive classes. The classification accuracy has an Area Under Curve (AUC) value of 89.05%. This
result shows that the test data has good classification. The monitoring results using p and Laney p' charts based on ratings and user
reviews of the PeduliLindungi app show that the processes are still not statistically controlled. These findings indicate that the app
developer still needs to make improvements.
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participation to share location data, which is used to track
I. INTRODUCTION contact history with COVID-19 cases. The application is

A novel coronavirus, SARS-CoV-2, was first detected in available for download on Google Play, the App Store, and

Wuhan, China, in December 2019. COVID-19, the disease ~ the App-Gallery. y ,

caused by SARS-CoV-2, attacks the respiratory system. The Apphcatlons have ,bOth positive and negative aspects,
virus can spread from person to person through respiratory which canleadtoa Vgnet}{ o.f user responses. Qne placg Where
droplets produced when an infected person coughs or sneezes users can express their opinions about an apphcatlon. is in the
or through contact with contaminated surfaces. The World comments section on Google Play. The reviews of

Health Organization (WHO) declared COVID-19 a pandemic PeduliLindungi users f(?und on Google Play. can be used to
on March 11, 2020, due to the rapid spread of the virus and elvaluate t.he application's sen.tlm.ent and quality. In everyday
its ability to cause severe illness in some people[1]. life, businesses and organizations want to know what

President Joko Widodo announced Indonesia's first consumers or the public think about their products and

positive case of COVID-19 on March 2, 2020. The number of services. Sentiment analysis is a field of study that analyzes
cases in Indonesia continued to rise rapidly until February people’s opinipns, judgments, atti@udes, and emotions about
2022, with three waves of the pandemic. The Indonesian prodllllctls, services, even;s, and attnbut;s.[Z].. h

government has implemented many policies to combat the T, ¢ farge nl}ml).er 0 customer feviews 1n the comments
pandemic, including contact tracing. PeduliLindungi is an section makes it dlfﬁgult apd tlme-congumlng to read thgm
application developed to assist government agencies in all. Therefore, a classification method is used to categorize

contact tracing. The application relies on community existing opinions according to their sentiment class.
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Sentiment classes are divided into positive, neutral, and
negative. Several previous researchers have conducted
research on sentiment analysis using various algorithms,
including: the Naive Bayes algorithm, Support Vector
Machine (SVM) [3]-[6], K-Nearest Neighbor (K-NN) [7]-
[10], Decision Tree [11]-[13], and Neural Network [14]-[17].

In this study, the classification method used is Naive
Bayes. Naive Bayes classification is a simple method that
applies Bayes' theorem to classify data, assuming that the
predictors are independent. [18]. In simple terms, Naive
Bayes classification assumes that the presence of a feature in
a class is independent of the presence of any other feature
[19]. The advantage of Naive Bayes classification for text
classification is that it can be adapted to each data set's
specific nature and needs. Naive Bayes classification is often
used in text classification because it is a simple and effective
method.

Statistical process control (SPC) is a statistical method that
can be used to monitor and control a process. SPC uses data
to identify and correct problems in a process before they cause
defects in the output. SPC can be used to improve the quality
of products and services, reduce costs, and increase
productivity. [20]. SPC aims to improve and maintain the
quality of the process by reducing variability [21]. Statistical
process control (SPC) is a statistical method that uses simple
graphical methods to solve problems. One of the seven tools
of SPC is the control chart. Control charts are used to monitor
a process over time and identify changes that may indicate a
problem. Control charts can be divided into the variable [22]—
[27] and attribute [28]-[31] based on the type of variable
inspected.

The p control chart is an attribute control chart to monitor
the proportion of defects with a different sample size for each
observation [20]. However, the p control chart is sensitive to
samples that have large sizes and variations. Therefore, Laney
introduced the Laney p' control chart for research with large
and varied sample sizes. Ahsan et al. conducted a study to
investigate the suitability of the Laney p'control chart for use
with a variable number of samples with a large sample size.
The results of the study showed that the Laney p’ control chart
is a more robust tool than the traditional p chart for monitoring
processes with a variable number of samples and a large
sample size. This is because the control limits on the Laney p’
chart are wider, allowing for more data variation without
triggering a false alarm [32].

User reviews of the PeduliLindungi application on Google
Play can be used to identify the sentiment of user opinions
with the Naive Bayes classification algorithm. The defects or
negative comments distribution can be identified with p and
Laney p' control charts. The research will be conducted from
April 1, 2020, to March 31, 2022. The results of this study are
expected to be used as evaluation material regarding the
quality of the PeduliLindungi application and to identify the
obstacles experienced by application users.

Based on this description, The authors are interested in
conducting research on monitoring the quality of the
PeduliLindungi application based on customer reviews on
Google Play using the Laney p' attribute control chart. The
Laney p'attribute control chart is a statistical tool that can be
used to monitor the quality of a product or service by tracking
the number of defects. The authors believe this research can
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help improve the quality of the PeduliLindungi application by
identifying and addressing any potential problems.

II. MATERIAL AND METHODS

A. Descriptive Statistics

Descriptive statistics are a set of methods used to
summarize and describe the main features of a dataset.
Descriptive statistics can be used to present data concisely and
attractively and identify patterns and relationships in the data.
The descriptive statistics used in this study were bar charts.
Bar charts are a type of graph that can be used to represent
qualitative data. The horizontal axis of a bar chart represents
the different values of the qualitative data, and the vertical
axis represents the frequency of each value. The height of
each bar in a bar chart is proportional to the frequency of the
value that it represents.

B. Text Mining

Text mining is a process of extracting knowledge from
unstructured textual data. This knowledge can be in the form
of patterns, trends, or relationships. Text mining can extract
information from various sources, including documents,
emails, and social media posts [33]. Textual data include
online media articles, status or Twitter tweets, user reviews,
etc. The stages in doing text mining include Knowledge
Discovery Goal, Data Preparation, Data Pre-processing, Data
Modeling, Evaluation, and Knowledge and Result. Text
mining has almost the same properties as data mining.
However, there are more stages in the pre-processing stage of
text mining, as follows [34].

o Case Folding is the process of converting all capital
letters into lowercase letters.
Tokenizing is the process of breaking down what was
originally a sentence into words based on each word
that composes it. The tokenizing process also includes
the process of removing numbers, removing
punctuation marks, and removing spaces.
Filtering is a process used to retrieve important words
from the tokenizing process.
Stemming is the process of changing words into basic
words by removing prefixes, suffixes, and insertions.

C. Sentiment Analysis

Sentiment analysis is a natural language processing (NLP)
technique that identifies, extracts and quantifies opinions,
sentiments, evaluations, judgments, attitudes, and emotions
towards entities such as products, services, organizations,
problems, events, topics, and their attributes. Sentiment
analysis is used to obtain information from the process of
understanding, extracting, and processing textual data.
Companies use sentiment analysis to monitor social media,
monitor brands, customer feedback, customer service, and
market research.Sentiment analysis can be used to detect
production or service problems, identify areas for
improvement, and track customer satisfaction. It can also be
used to identify emerging trends and opportunities. By
understanding customer sentiment, companies can make
better decisions about product development, marketing, and
customer service.



D. Holdout Validation

Holdout validation is a resampling method for evaluating
the performance of a machine learning model. The data is split
into two sets: training and test sets. The model is trained on
the training set and then evaluated on the test set. The holdout
validation method is particularly useful for large datasets, as
it allows for a more accurate assessment of the model's
performance on unseen data.[35]. Holdout stratification is a
technique used to ensure that each class is represented
proportionally in the training and testing data. This is
important because it helps ensure the model is not biased
towards any class. The holdout stratification process involves
first creating a stratified sample of the data, where each class
is represented in proportion to its actual size in the population.
The data is then randomly divided into training and testing
sets, with each set containing the same proportion of each
class. This ensures that the model is trained on a
representative sample of the data and that the testing data is
representative of the population as a whole [36].

E. Naive Bayes Classification

Naive Bayes is a supervised learning algorithm that uses
Bayes' theorem to classify new data points. The algorithm
assumes that the features of a data point are independent of
each other, given the class label. This assumption is called
"naive" because it is often not true in real-world data.
However, the Naive Bayes algorithm can still be effective in
many cases, especially when the number of features is small.
[37]. Naive Bayes classification is often used in text
classification.

Naive Bayes classification is a supervised learning
algorithm that uses Bayes' theorem to classify new data
points. The algorithm first trains on a set of labeled data
points, which are used to create a classifier model. The
classifier model is then used to predict the class of new data
points. The accuracy of the classifier can be measured by
comparing its predictions to the actual classes of the new data
points. Naive Bayes classification is a simple and effective
algorithm that can be used to classify a variety of data types.
Bayesian theory is stated in equation (1)

P (x|c;) P (c;) [ =

P (Cilx) = P ’
X

1,2,...k (1)
The value of P, is a constant that has a constant value, so it
can be omitted because if the probability values are sorted by
class, then the value of P, will always be the same [38]. Then

equation (1) can be simplified into equation (2).

P (ci|x) = P (x|cp) P (¢p) (1)

F. Classification Accuracy

Classification measurements are used to evaluate the
performance of a classification model. A confusion matrix is
a table used to summarize a classification model's results. The
rows of the confusion matrix represent the actual classes of
the data points, and the columns represent the predicted
classes of the data points. Table 1 contains a 3 x 3 Confusion
matrix.

The accuracy of a classification model can be assessed
using two metrics: accuracy and the area under the curve
(AUC). Accuracy is the percentage of correctly classified
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documents, while AUC measures the model's ability to
distinguish between the two classes. A higher accuracy and
AUC indicate a better performing model. The formula for
calculating accuracy is found in equation (3).

Number of correct predictions

Accuracy = — 2
y Total number of predictions @
TABLE I
CONFUSION MATRIX 3X3
Actual Prediction Class
Class Class 1 Class 2 Class 3
Class 1 X1 X1, X3
Class 2 X5 X5, X3
Class 3 X531 X3, X33

Area Under Curve (AUC) is an indicator of ROC (Receiver
Operating Characteristic) curve performance that can
summarize the performance of a classifier into one value. The
AUC value is an opportunity for the classification method to
give a higher random positive test case rating than the random
negative test. The AUC value lies in the interval 0 to 1, so the
closer to 1 the AUC value is, the better [39]. The scale and
interpretation used to explain the AUC values are described
in Table 2.

TABLE II

INTERPRETATION AUC VALUE

AUC value Interpretation
0.90-1 Excellent Classification

0.80-0.89 Good Classification
0.70-0.79 Fair Classification
0.60 —0.69 Poor Classification
0.50-0.59 Failure

G. Pareto Chart

A Pareto chart is a bar graph that depicts a simple
frequency distribution of data attributes arranged
categorically. The problems that occur the most are shown by
the highest first bar and are placed on the far left, and so on,
until the least problems are shown by the last lowest bar graph
and are placed on the far right, as shown in Figure 1. Pareto
charts are often used to measure and analyze DMAIC (Define,
Measure, Analyze, Improve, and Control). Pareto charts
cannot be determined automatically, but most often [20].
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Fig. 1 Pareto Chart

H. p control chart

The p control chart is one of the attribute control charts
used to control the product's non-conforming (defective)
parts. The observations used in making the p control chart can
have the same or different numbers. The control chart p is
made by using the size of the defect in the form of the
proportion of defective products in each sample taken. The



following is the proportion of defective units for each sub-
group.

(4)

This control chart's statistical principle is based on
binomial distribution. The following is the formula for
determining the control limit and the center line in the p
control chart.

o
UCL=p+3 ’—p( P)
n;
CL=p (5
—
LCL=p—3 w

]

The average proportion is as follows.
m
_ ujim D

m
j=11y

I Laney p’ control chart

This chart was developed by combining the principles of
the Z control chart and Donald Wheeler's concepts. The Laney
p’ control chart is used to overcome the sampling problem on
the p control chart; when the sample size is very large, the
control limit becomes narrower, so there are many
observations from the control limit [32]. The formula for the
proportion of defective units for each sub-group is given in
equation (4). The control limits and the center line on the
Laney p' control chart are as follows.

UCL=p+ 3apjoz
CL=p
LCL=p— 3opjoz

€)

With g, is the sigma for the individual chart. Standardization
is carried out with the following formula.
_Dbi~ p

Ty,

Zj

Then calculate the vector R; in equation (7) and the average
vector R; in equation (8).

Ri=|zj—z_4]j=12..m (4)
m
_ 1
Ri:—m_lzRi )
j=2

Therefore o, can be calculated by the following formula.
R.
o, = —2
1.128
)
1
According to research conducted by Ahsan et al [32] for
the same number of subgroup samples and varying sizes <100
(small sample size), the performance of the p and Laney p'
control charts is almost the same. In research with a sample
size of 200-500 (medium sample size) for the same number
of subgroup samples, the performance of the p and Laney p'
control charts is almost the same, but for the varying number

O'p].
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of subgroup samples, the p control chart is more sensitive than
the Laney p' control chart. Meanwhile, for research with a
sample size of 5,000-10,000 (big sample size) for the number
of samples for each subgroup, the control chart p becomes
more sensitive than the Laney p' control chart for the number
of samples for each subgroup varies, the p control chart
becomes oversensitive than the Laney p' control chart. it is
causing many observations to go out of control. It can be
concluded that the Laney p' control chart is suitable for use for
varying sample sizes with large sample sizes because the
control limit on the Laney p' control chart is more
comprehensive so the results are more rational [32].

J.  PeduliLindungi Application

PeduliLindungi is a digital contact tracing application that
uses Bluetooth Low Energy (BLE) technology to collect and
store contact information from users who have been in close
proximity to each other. Government agencies can then use
this information to track the spread of COVID-19 and identify
potential cases [40]. Users of the PeduliLindungi application
will be notified if they are in a crowded area or in a red zone,
which is an area where there have been confirmed cases of
COVID-19 or where people are under surveillance. The
application was made mandatory for all modes of
transportation in Indonesia on August 28, 2021. The
PeduliLindungi application can also help to reduce physical
contact by eliminating the need to carry paper documents such
as COVID-19 test results or vaccination certificates. This can
help to prevent the spread of COVID-19 by reducing the risk
of transmission through contact with contaminated surfaces.

K. Data Source

This research uses secondary data obtained through the
Google Play website scraping method of the PeduliLindungi
application from April 1, 2020, to March 31, 2022, with the
URL: https://play.
google.com/store/apps/details ?id=com.telkom.tracencare&h
I=en&gl=US accessed on April 3, 2022. The data is divided
into two phases of process control: phase I data is from April
1 to December 31, 2020, and phase II data is from January 1,
2021, until March 31, 2022.

L. Research Variable

In this study, a naive Bayes classifier was used to classify
user reviews of the PeduliLindungi application into positive,
neutral, and negative sentiment classes. The predictor
variables were the basic words in each user review, and the
response variable was the classification of user sentiment.
Variables used for p and Laney p’ control chart in this
research are negative class sentiment from the customer
reviews of the PeduliLindungi application with the following
types of defects (see Table 3).

TABLE III
TYPES OF DEFECTS PEDULILINDUNGI APPLICATION

Category Types of Defects
1 Slow application
2 Applications use large memory
3 Application crashes frequently
4 The application uses a lot of battery
5 COVID-19 test results do not show up
6 Personal data leak




Category Types of Defects
7 Difficulty logging in or registering
8 Difficulty scanning the QR code
9 Difficulty entering the date of birth
10 The vaccination certificate does not show
11 Application displays hard to understand
12 The location zone on the app is not accurate

M. Data Structure

PeduliLindungi application user reviews data is divided
into training and testing data using the holdout validation
method. The data structure of the Naive Bayes classification
used in this study is presented in Table 4.

TABLE IV
NAIVE BAYES DATA STRUCTURE
Review Keyword Sentiment
No. Username class (y)
w Wy W, Wi
1 user; Uy Wi Wi Wik Y1
2 user, Uz Wa1  Wap Wa k Y2
3 users Us W31 Ws, W3k Vs
n usern un Wn,l Wn'z Wn,k yn

The data structure of the p and Laney p' control chart used
in this study is contained in Table 5.

TABLE V
NAIVE BAYES DATA STRUCTURE
Defect
Number of Type of Defect ;
Day Reviews (Negative
X1 X2 X3 X12 Class)
ny Ny Myp My3 Ny 12 D,
n, Ny Mpz M3 Ny,12 D,
ns Ng1  MNzp N33 N3,12 Dy
j n Ma  Ma M 12 D;

N. Research Flow

The analytical method used in this study is the p and Laney
p' control chart. The research flow in this research is as
follows.

1. Formulate the problem and determine the research
objectives.

2. Conduct a literature study.

3. Collect data on the Google Play website with the title
PeduliLindungi page using the scraping method through
the Python application.

a. Download and install the Google Play Scraper
Package.

b. Import the required packages.

c. Copying the App Id (com. telkom.tracencare.)

d. Scraping user reviews.

e. Converts review data to Pandas Data Frame.

4. Labeling the sentiment class.

5. Preprocessing the text of the PeduliLindungi application
user review data using the RStudio application, which
includes case folding, cleaning punctuation, cleaning
number, stemming, stop word, and tokenizing.

6. Create and interpret the Pareto chart of user constraint data
(negative comments) on user reviews of the
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PeduliLindungi application for p and Laney p' control
charts.

7. Distribute training and testing data using holdout
validation with a ratio of 80%:20%.

8. Performing Nave Bayes Classification on customer
review data of PeduliLindungi application users by
dividing them into positive, neutral, and negative classes.

9. Calculating the value of accuracy and AUC of the formed

Naive Bayes Classification model. The results of the
Naive Bayes classification will be used for p and Laney p'
control charts.

10. Analyze the data on the number of user constraints
(negative comments) on user reviews of the
PeduliLindungi application using the p and Laney p’
control chart for phase I.

11. Analyzing user constraint data (negative comments) on
user reviews of the PeduliLindungi application using p
and Laney p' control chart phase II using the average
proportion of defects in phase 1.

12. Comparison of the control chart analysis that has been
done.

13. Draw conclusions and suggestions.

III. RESULT AND DISCUSSION

A. Data Characteristics

This study used user review data for the PeduliLindungi
application on Google Play, which was obtained by scraping
the Google Play website. The data was analyzed using data
visualization techniques, namely bar charts and Pareto charts.

1) Bar Chart

Bar charts are a type of data visualization that can be used
to show the frequency of data points in a categorical variable.
In this study, a bar chart was used to show the number of
negative reviews and reviews each month for the
PeduliLindungi application on Google Play. The following is
a bar chart of the number of user reviews of the
PeduliLindungi application on Google Play.
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Fig. 2 Number of User Reviews Caring for App on Google Play
Figure 2 shows the number of user reviews of the
PeduliLindungi application on Google Play from April 2020
to March 31, 2022. The number of reviews varies
significantly, with a highest of 78,028 reviews in September
2021 and a lowest of 46 reviews in November 2020. The
number of reviews is likely affected by several factors,
including app updates and government policies. The total
number of reviews over the two-year period was 313,367.



2) Pareto Chart

The Pareto chart is a type of data visualization that can be
used to identify the most important problems in a set of data.
The Pareto chart for the PeduliLindungi application on
Google Play from April 1, 2020, to March 31, 2022, shows
that the most common complaints are about the application's
performance, its features, and its user interface. The following
is a Pareto chart of the number of complaints from users of
the PeduliLindungi application on Google Play.
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Fig. 3 Pareto Chart of PeduliLindungi Application Constraints

The Pareto chart in Figure 3 shows the most common
problems PeduliLindungi application users face from April 1,
2020, to March 31, 2022. The most common problem was that
vaccination certificates did not appear, accounting for 31.4%
of all problems. The second most common problem was
difficulty logging in or registering, accounting for 23.9% of
all problems. The third most common problem was that the
application crashed frequently, accounting for 16.7% of all
problems. The category descriptions are provided in Table 3.

B. PeduliLindungi Users Review on Google
Classification Using Naive Bayes Classification

Play

The user review data for the PeduliLindungi application on
Google Play was used to train a classifier. The classifier was
able to categorize the reviews into two classes: positive and
negative. The training data comprised 250,694 user reviews,
and the testing data comprised 62,673 user reviews. The
classifier correctly classified 90% of the reviews in the testing
data.

TABLE VI
CLASSIFICATION PROBABILITY RESULT
Class Probability
Negative 0.461
Neutral 0.113
Positive 0.427
TABLE VII
CONFUSION MATRIX TRAINING DATA
Prediction
Actual Negative Neutral Positive
Negative 94,282 5,518 6,253
Neutral 20,669 16,631 64,872
Positive 547 6,115 35,807

The classification results of the PeduliLindungi application
user reviews are shown in Table 6. The table shows the
probability of each review being classified as negative,
neutral, or positive. The classifier correctly classified 46.1%
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of the negative reviews, 11.3% of the neutral reviews, and
42.7% of the positive reviews. The performance of the
classifier on the training data is summarized in Table 7.

The performance of the Naive Bayes classifier on the
training data is summarized in the confusion matrix. The
confusion matrix shows that the classifier correctly classified
35,807 positive reviews, 16,631 neutral reviews, and 94,282
negative reviews. The accuracy of the model on the training
data was 58.53%, and the AUC value was 77.91%, indicating
fair classification. The model was then applied to the testing
data, which consisted of 62,673 user reviews. The confusion
matrix for the testing data is shown in Table 8.

The performance of the Naive Bayes classifier on the
testing data is summarized in the confusion matrix in Table 8.
The confusion matrix shows that the classifier correctly
classified 18,306 positive reviews, 5,263 neutral reviews, and
27,526 negative reviews.

TABLE VIII
CONFUSION MATRIX TESTING DATA
Prediction
Actual Negative Neutral Positive
Negative 27,526 990 948
Neutral 1,226 5,263 7,479
Positive 122 813 18,306

The Naive Bayes classifier was able to classify 81.53% of
the testing data correctly, and the AUC value was 89.05%,
indicating good classification. The results of the classifier will
be used to analyze the data using p and Laney p’ control
charts.

C. p Control Chart

The p control chart analysis in phases I and II was
conducted using a prediction class derived from the Naive
Bayes classification. The results are as follows.

1) Phase I of p Control Chart

The p control chart in phase I was used to analyze the
review data for the PeduliLindungi application on Google
Play from April 1, 2020, to March 31, 2022. The chart was
run four times to obtain a statistically controlled chart with an
average defect proportion of 0.300. The average defect
proportion from phase I iteration 4 will be used to monitor the
data in phase II of the PeduliLindungi application rating data
on Google Play. Figure 4 shows the control chart for phase I
iteration 4 that has been statistically controlled.
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Tests are performed with unequal sample sizes.

Fig. 4 Statistically Controlled Phase I of p Control Chart



2) Phase Il of p Control Chart

The p chart was used to monitor the proportion of defects
in PeduliLindungi application reviews on Google Play from
January 2021 to March 2022. The average proportion of
defects in phase I, which was statistically controlled, was
0.300. A monthly analysis was conducted for phase II of the
p chart. The results showed that several phase II control charts
were not statistically controlled. The number of out-of-control
observation points and their causes (see Table 3 for a
description of the categories) are presented in Table 9.

TABLE IX
NUMBER OF OUT OF CONTROL OBSERVATION PHASE Il OF
P CONTROL CHART
Number Month Out of Out of Control
Control Causes
1 January 2021 4 Category 7
2 February 2021 - -
3 March 2021 6 Category 10
4 April 2021 3 Category 10
5 May 2021 8 Category 10
6 June 2021 21 Category 10
7 July 2021 29 Category 10
8 August 2021 29 Category 10
9 September 2021 30 Category 10
10 October 2021 31 Category 10
11 November 2021 30 Category 7
12 December 2021 31 Category 10
13 January 2022 23 Category 10
14 February 2022 14 Category 10
15 March 2022 3 Category 10

" Control Chart

The Laney p’ chart is a modification of the traditional p-
chart that is designed to address the problem of
overdispersion, which can occur when the sample size is
large. The following is the analysis results of the Laney p’
control diagram for phase I and phase II.

1) Phase I of Laney p’ Control Chart

A Laney p'control chart was used to monitor the proportion
of defects in PeduliLindungi application reviews on Google
Play from April to December 2020. Four iterations were
conducted to obtain a statistically controlled chart. The
average proportion of defects was 0.301, which was used to
monitor data in phase II. Figure 5 presents the Laney p' control
chart that has been statistically controlled.

D. Laney p

ua=1

—o

Proportion

P=0301

—e

o ——

*—

LCL=0

Tests are performed with unequal sample sizes.

Fig. 5 Statistically Controlled Phase I Laney p’ Control Chart
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2) Phase Il of Laney p’ Control Chart

The Laney p' control chart was used to monitor the
proportion of defects in PeduliLindungi application reviews
on Google Play from January to March 2022. The average
proportion of defects in phase I, which was statistically
controlled, was 0.301. A monthly analysis of the Laney p'
control chart was conducted for phase II. The results showed
that several phase II control charts were not statistically
controlled. The number of out-of-control observation points
and their causes (see Table 3 for a description of the
categories) are presented in Table 10.

TABLE X

NUMBER OF OUT OF CONTROL OBSERVATION PHASE II OF
LANEY P’ CONTROL CHART

Number Month Out of Out of Control
Control Causes
1 January 2021 1 Category 7
2 February 2021 1 Category 10
3 March 2021 1 Category 10
4 April 2021 2 Category 10
5 May 2021 4 Category 10
6 June 2021 20 Category 10
7 July 2021 22 Category 10
8 August 2021 26 Category 10
9 September 2021 24 Category 10
10 October 2021 31 Category 10
11 November 2021 27 Category 7
12 December 2021 11 Category 10
13 January 2022 5 Category 10
14 February 2022 2 Category 10
15 March 2022 4 Category 10

E. Comparison of the p and Laney p’ Control Chart for
Phase I and 11

A comparison of the p and Laney p' control charts for
phases I and II was conducted to determine the best control
chart. The following is a comparison of the phase I control
chart.

TABLE XI
COMPARISON OF PHASE I CONTROL CHART ANALY SIS

Number of Out-of-

Cont;ol Shart Iteration Control p nlt’:-l
P Observations contro

0 25
1 3

]&iﬁml 2 2 0.300
3 2
4 R
0 17

L ; ! 2

aney p

Control Chart § i 0.301
4

Table 11 shows four iterations were conducted to obtain a
statistically controlled p control chart. The remaining 233
observations yielded an average proportion of defects of
0.300. Four iterations were also conducted to obtain a
statistically controlled Laney p' control chart, with 241
observations yielding an average proportion of defects of
0.301. Table 12 compares the phase II control charts.



In phase II control chart analysis, it is known that the p
control chart is more sensitive to out-of-control observations
than the Laney p' control chart. This is because the p control
chart is more sensitive to large sample sizes. Most of the out-
of-control observations occurred in June-December 2021,
which coincides with a significant increase in COVID-19
cases in Indonesia. This could be due to the start of the mass
vaccination program in June 2021, which made vaccination
certificates  accessible through the PeduliLindungi
application. In July 2021, the Electronic Health Alert (e-
HAC) feature, a mandatory requirement for travel by public
transportation, was also integrated into the PeduliLindungi
application.

The e-HAC feature in the application displays vaccination
certificates and negative COVID-19 test results as a travel
condition. This has led to an increase in the demand for the
PeduliLindungi application. However, users of the
PeduliLindungi application still experience several problems,
such as not receiving a certificate, being unable to log in or
register to the PeduliLindungi application, the application
frequently crashing or closing unexpectedly, and having
difficulty checking in due to network constraints. Some of
these obstacles resulted in a high number of negative reviews
during that time. In January 2022, the PeduliLindungi
application was updated with an offline check-in feature that
allows users to check in at a location without an internet
connection, which solves signal problems. In addition, several
other obstacles have also been resolved, resulting in users
beginning to give positive reviews of the application.

TABLE XII
COMPARISON OF PHASE Il CONTROL CHART ANALY SIS

Number of Out of Control Observations

Month

P Control Chart Laney p’ Control
Chart
January 2021 4 1
February 2021 - 1
March 2021 6 1
April 2021 3 2
May 2021 8 4
June 2021 21 20
July 2021 29 22
August 2021 29 26
September 2021 30 24
October 2021 31 31
November 2021 30 27
December 2021 31 11
January 2022 23 5
February 2022 14 2
March 2022 3 4

IV. CONCLUSION

The sentiment analysis of user review data for the
PeduliLindungi application on Google Play from April 1,
2020, to March 31, 2022, found that 42.7% of the reviews
were positive, 11.3% were neutral, and 46.1% were negative.
This indicates that there were more negative reviews than
positive reviews. The accuracy of the testing data
classification was 89.05%, which is considered to be good
classification.
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The results of the analysis of the p and Laney p' control
charts are based on the sentiment analysis of user review data
for the PeduliLindungi application on Google Play.

e In p control chart analysis of user reviews of the

PeduliLindungi application in phase I showed that the
average defect proportion was 0.300. The chart was
statistically controlled in the 4th iteration. In phase II,
the chart was statistically controlled only in February
2021.
In Laney p' control chart analysis of user reviews of the
PeduliLindungi application in phase I showed that the
chart was statistically controlled in the 4th iteration
with an average defect proportion of 0.301. In phase II,
the chart was not statistically controlled.

The p control chart is more sensitive to detecting out-of-
control observations than the Laney p' control chart. This is
because the p control chart is based on the proportion of non-
conforming units in a sample, while the Laney p' control chart
is based on the number of non-conforming units in a sample.
The larger the sample size, the more sensitive the p control
chart will be to detecting out-of-control observations. Results
of control chart analysis that have not been statistically
controlled indicate that the PeduliLindungi application
developer still needs to improve the quality of the application.
Based on a Pareto chart of user reviews of the PeduliLindungi
application on Google Play from April 1, 2020, to March 31,
2022, the most common obstacle is that the vaccination
certificate does not appear in the application.
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