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Abstract

The New Student Admission Process (PMB) is an important agenda in higher education institutions that requires
structured data management and communication to run effectively and efficiently. The Bakti Asih College of Analysts
(STABA) still manages prospective student data and promotional activities manually using Microsoft Excel and
Google Drive. This approach risks data errors and makes communication monitoring less effective. This study aims to
develop a Customer Relationship Management (CRM) system to assist in managing prospective student data,
monitoring communication, and supporting targeted follow-up actions. The development method used is Waterfall,
which includes needs analysis, design, implementation, verification, and maintenance. The CRM system provides
features for managing prospects, WhatsApp integration, chat history, automatic status updates, and promotional team
performance reports. Black Box testing shows that all functions work as needed. Overall, this system integrates data
management, communication, and promotional performance monitoring into a single structured and controlled
platform. The system is also designed to improve data accuracy, responsiveness, and efficiency in managing the overall
PMB process.

Keywords: Customer Relationship Management, New Student Admissions, WhatsApp, Information System, Web-

based application

1 INTRODUCTION

The development of educational institutions in
Indonesia is increasing [ 1]. The high level of competition
has resulted in universities having to manage their
institutions professionally and focus on service quality
[2]. In this competitive environment, the ability of
institutions to provide fast, accurate, and targeted
services has become one of the determining factors in
attracting prospective students. The development of
information and communication technology has become
an important part of supporting this process, especially
in data management and communication [3]. One
concept that can be applied to improve service quality is
Customer Relationship Management (CRM) [4]. CRM
is a system developed to support companies in building
close relationships with their customers [5], considering
that customers are a very important aspect for the
sustainability of an institution [6]. CRM focuses on
managing customer data and interactions to improve
service quality and customer satisfaction [7]. In higher
education, CRM is a digital system that functions to
manage data and communication with prospective new
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students in a centralized platform so that services can be
carried out more optimally and purposefully [8].

The Bakti Asih College of Health Analysts
(STABA) is a higher education institution that focuses
on developing competencies in the field of health
analysis. The new student admission process is an
important stage in attracting prospective students, which
is an annual agenda [9]. However, the management of
applicant data and the reporting process at STABA are
still done manually using Microsoft Excel and Google
Drive. The lack of a system capable of recording and
monitoring communication activities between the
campus, especially the promotion team, and prospective
students has resulted in uncontrolled interactions and
follow-ups, leading to the loss of potential applicants.
The delivery of information and campus promotion has
also not been effective because there is no digital media
that can directly connect the two [10].

In addition to technical problems in data
management, another challenge faced in the New
Student Admission (PMB) process is the suboptimal
follow-up strategy for prospective students. Many
prospective students who have made initial contact do
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not receive continuous follow-up, resulting in lost
enrollment potential. This is due to the limitations of the
system in recording communication history and the
absence of systematically measurable indicators of
potential status.

The use of Customer Relationship Management
(CRM) technology in education is a relevant solution to
overcome these problems. CRM not only functions as a
data management tool, but also as a strategic means to
build long-term relationships between educational
institutions and prospective students. With an integrated
CRM system, the campus can monitor every interaction
in real time, making the decision-making process faster
and more accurate.

Based on this background, this study focuses on
the application of a Laravel-based CRM system
integrated with WhatsApp as the main communication
medium. This system is expected to improve the
effectiveness of the PMB process at STABA.

2 LITERATURE REVIEW
2.1 New Student Admissions (PMB)

New student admissions (PMB) are a routine
agenda carried out by universities. The number of new
student admissions reflects the public's perception and
interest in the university. Private universities compete
with each other to increase the number of new student
admissions. Therefore, the number of new student
admissions may increase or decrease each year. New
student admissions (PMB) is the process of screening
prospective students who are accepted into a university.
Identifying patterns in PMB can provide useful
information to universities in terms of study programs or
prospective students who enroll in a study program [11].
In this process, prospective students usually come to the
university they are interested in to register by bringing
the required documents in accordance with the
provisions. With the new student admission CRM
system owned by universities, this process has changed.
Prospective students no longer need to come in person
but can simply do so through the system that has been
provided. In other words, the new student admission
information system is a very basic and necessary system
for any institution or university, and is even the
spearhead of marketing to obtain the expected number of
students. Because the new student admission
information system is an important system, it needs to
receive more attention, namely by conducting
continuous evaluations to determine the level of success
in its implementation [12].

2.2 Customer Relationship Management (CRM)

Customer Relationship Management (CRM) is an
approach to customer management through effective
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communication and relationships. It aims to build
relationships and provide sustainable value [13].
Customer relationship management 1is also a
combination of business processes and information
technology used to understand various needs [14]. This
concept is applied by educational institutions as subjects
or service providers. This can attract the interest of the
public, especially prospective students. Service is one of
the keys to success for educational institutions because
it involves a mutually beneficial relationship. With good
management, educational institutions can provide more
focused, personalized, and sustainable services that
support the success of the New Student Admission
(PMB) process [15].

2.3 Website

Websites are one of the most widely used sources
of information [16]. A website is an application that
contains multimedia documents (text, images, sound,
animation, video) using the HTTP (hypertext transfer
protocol) protocol and accessed using software called a
browser [17]. A website is also an address (URL) that
functions as a place to store data and information based
on specific topics. The web is a hypertext system,
consisting of millions of text pages linked by hyperlinks
[18].

2.4  Visual Studio Code

Visual Studio Code is a very lightweight yet
powerful source code editor that runs from the desktop.
It comes with built-in support for JavaScript, scripts, and
Node.js and has an array of extensions available for other
languages, including C++, C#, Python, and PHP [19].
Visual Studio Code provides many features, including
Intellisense, Git Integration, Debugging, and extension
features that add to the text editor's capabilities. These
features will continue to grow as new versions of Visual
Studio Code are released.

2.5 PostgreSQL

PostgreSQL  (pronounced Post-Gres-Q-L) or
post-gres is one of a number of large databases that offer
scalability, flexibility, and high performance. Its use is
widespread across various platforms and supported by
many programming languages [20]. PostgreSQL is an
open source Object Relational Database Management
System.  PostgreSQL  emphasizes  extensibility,
creativity, and compatibility. It competes with major
relational database vendors such as Oracle, MySQL,
SQL Server, and others [21].

2.6 Laravel Framework

A framework is a basic conceptual structure used
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to solve or handle complex problems. In short, a
framework is a container or framework for a website that
will be built. By using this framework, the time spent on
creating a website is reduced and repairs are made easier.
Laravel is an open-source PHP-based framework that
uses the model-view-controller concept. Laravel is
licensed under the MIT License [22]. The Laravel
framework has its own advantages that make it better
than other frameworks. The following are the advantages
of Laravel: faster performance, more stable data
reloading, data security, the use of advanced features
such as blade using the HMVC (Hierarchical Model
View Controller) concept, the availability of ready-to-
use libraries, and the migration management feature for
creating table schemas in the database [23].

2.7 NodeJS

Node.js is a freely accessible server environment
that can operate on various platforms, including Linux,
Windows, and Mac. The runtime environment provided
by Node.js allows JavaScript to be executed outside of a
browser environment. Node.js also has a rich ecosystem
with various modules and tools that speed up the
development process. With its speed and scalability,
Node.js has become a popular choice for developers to
build server-side applications, real-time web
applications, and  high-performance network
applications [24]. Node.js complements the role of
JavaScript so that it can also function as a server-side
programming language, similar to PHP, Ruby, Perl, and
so on. Node.js can run on Windows, Mac OS X, and
Linux operating systems without any code changes.
Node.js has its own HTTP server library, allowing it to
run a web server without using web server programs
such as Apache or Nginx [25].

3 RESEARCH METHODS
3.1 System Development

Requirements /]

Design

-

Implementation

Verification 7

Maintenance

Figure 1. Waterfall Method [26]
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The selection of the Waterfall method in the
development of this CRM system is based on system
requirements that have been clearly defined from the
outset. The Waterfall method is a model developed for
software development, creating software [27]. The
model develops systematically from one stage to another
in a waterfall-like mode as shown in Figure 1. This
model proposes a systematic and sequential approach to
software development, starting from the level of system
progress in all analysis, design, coding, testing, and
maintenance. This model covers the following activities:
requirements  analysis, design, implementation,
verification, and maintenance. This development model
is linear from the initial stage of system development,
namely the planning stage, to the final stage of system
development, namely the maintenance stage. The next
stage will not be carried out until the previous stage has
been completed and cannot be returned to or repeated
[28].

At the analysis stage, we identify the
requirements that must be met in order for the system to
record and monitor the status of prospective students as
well as all communication and follow-up activities
carried out by the promotion team. The system provides
user management features with different access rights,
supports automatic report generation, and serves as a
medium for more effective information delivery and
campus promotion.

During the design phase, the structure and flow of
the system are designed based on the results of the
previously determined requirements analysis. The
system design is visualized in the form of a Use Case
Diagram to illustrate the interaction between actors and
the system, an Activity Diagram to show the process
flow and activities in the system, and a database structure
design to define the tables, attributes, and relationships
between the data used. The design stage aims to provide
a comprehensive overview of the system to facilitate the
implementation process and minimize errors in the
development stage.

At the system implementation stage, the system
was implemented with the first step being development
using Visual Studio Code and XAMPP. The process
began with database configuration and Laravel
installation. Next, system features are developed, such as
user management, prospective  student  data
management, communication activity recording,
potential status management, and report generation. This
stage aims to produce a CRM system that can be used
according to user needs.

At the verification stage, verification or testing of
the system is carried out to ensure that it is in accordance
with the design and that it functions smoothly. Testing is
carried out by testing each feature of the system, starting
from the login process, data management, recording of
communication activities, to report generation. The
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verification stage aims to find and fix errors or functional
inconsistencies so that the system can run well, be stable,
and be ready for use by users.

At the maintenance stage, researchers monitor the
system's performance to ensure that it continues to run
properly. Maintenance includes bug fixes, system
performance improvements, and feature updates in
accordance with user needs or developments in the new
student admission process. This stage aims to maintain
the quality of the system so that it remains optimal and
can be used for a long period of time.

3.2 Data Collection

Observations were conducted for 3 weeks on the
manual follow-up management process, starting from
the collection of prospective student data, performance
recap calculations, to registration. The purpose of this
observation was to identify the weaknesses of the
conventional system and define the system to be
developed.

Interviews were conducted with the head of the
promotion team. The questions asked focused on the
difficulties of the conventional system, the features
needed in the system, and expectations for the system to
be implemented.

Documentation was carried out by collecting
various supporting data from previous conventional
management.

4 RESULTS AND DISCUSSION

The results of the Waterfall model make it easier
for researchers to compile development stages in a
systematic and structured manner. By following this
process, researchers can ensure that system development
runs smoothly and in a controlled manner. The following
are the research stages that were applied:

4.1  System Design

a. Use Case Diagram

Manage
Prospective
Stuclent Data

Update
Prospect

Prospect
Distribution to
"\ the Team
Status
Admin Pramotion Team
Manage User
7

Manage Record

— Communication
Communication History
Activity

Monitoring

Performance
ReportRecap
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Figure 2. Use Case Diagram

In Figure 2, the Use Case Diagram involves two
actors, namely Admin and Promotion Team. The
Admin acts as the system manager who is
responsible for managing user accounts, managing
prospective student data, assigning prospects to the
Promotion Team, monitoring communication
activities, and performance reports recap.
Meanwhile, the Promotion Team is responsible for
handling prospective students by updating prospect
status and recording communication history based
on the interactions conducted. All activities
performed by the Promotion Team are stored in the
system database and can be monitored by the
Admin to support performance evaluation.

b. Activity Diagram

Display Prospect Data Page

npu lame, School, Data Sourcs,
Contact, Assigned Team

Display mport Fom

Saving Data to Database

Display Updated Prospect List

Figure 3. Prospective Student Data Activity
Diagram

The Prospective Student Data Activity Diagram in
Figure 3 illustrates the workflow of prospective
student data management carried out by
administrators through the CRM system, starting
from the login process to the system displaying the
dashboard page. The administrator then selects the
prospective student data menu so that the system
displays the prospective student data page.
Administrators can add prospective student data
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manually by clicking the “Add Prospective
Student” button and filling in detailed information
such as the prospective student's name, school of
origin, data source, contact details, and assigned
team, then saving the data to the database. In
addition, administrators can also enter data in bulk
through the data import feature by selecting an
Excel file. The system will then validate the file
structure to ensure that required data such as name,
contact, school, assigned team, and data source are
available before storing the data into the database.
After that, the system will save all prospective
student data to the database, display the updated
prospective student data list, and the prospective
student data management process is complete.

actFollow Up Prospact Act

Promation Team System

Select "Prospact Data” Menu

Display Prospect List

WhalsApp Connectad?

Click WhatsApp lcon on

rospect

Figure 4. Follow-Up Activity Diagram

Figure 4, the Follow-up Activity Diagram,
illustrates the follow-up process for prospective
students involving users (the promotion team) and
the CRM system. It begins when the user logs in
and the system displays the dashboard page. The
user then selects the prospective student data menu,
and the system displays the prospective student
data page. Next, the user connects to WhatsApp to
start communicating with the prospective student.
Once the connection is successful, the system
displays a chat room as a medium for interaction.
Based on the conversation content, the system
identifies the prospective student's status as a result
of the follow-up process, and once the potential
status is recorded, the follow-up process is
complete.

C.

4.2
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Database Structure

ae pertarmance_reparts

prospects

£ng_Id - BIgInK20) unsigned
mestanp

® craated_st: fimestamp
B updated_st: Smestamn

# Mezsage_tmastamp : bainti20)
raw_data :(ongt=it

@ creste_at: imestamp

1 upated_at- Smestarg

Figure 5. Database Structure

The database structure in Figure 5 of this CRM
system consists of seven main integrated tables to
support the new student registration process,
namely the users, prospects, contacts, follow_ups,
messages, whatsapp_sessions, and
performance reports tables. The users table serves
to store system user data with roles as admin or
promotion team and is the main table related to
most of the other tables. The prospects table is used
to store prospective student data along with their
potential status and their relationship with assigned
users and data recorders. The contacts table stores
WhatsApp contact information linked to users,
while the WhatsApp sessions table stores
WhatsApp connection session data for each user.
The messages table is used to record all WhatsApp
conversation activities between users and
prospective students as part of the communication
process. In addition, the follow_ups table is used to
record follow-up activities carried out by the
promotion team for prospective students, along
with their status and follow-up schedule. Finally,
the performance reports table is used to store
summary data on the marketing team's
performance based on follow-up activities and
communication results, all of which are connected
through foreign key relationships to ensure data
integrity and consistency in the CRM system.

System Implementation

The system implementation phase covers the

results of applying the design based on the specified
requirements. The implementation results show that the
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system is capable of supporting the new student
admission management process in a structured and
integrated manner. All prospective student data is stored
in a centralized database, minimizing the risk of data loss
and duplication. The potential status monitoring feature
provides a clear picture of each prospective student's
position in the admission stages, allowing the promotion
team to determine more appropriate follow-up strategies.

The integration of WhatsApp as the main
communication medium makes it easier for the
promotion team to interact directly with prospective
students without having to switch platforms. All
communication activities are automatically recorded,
making it easier for administrators to monitor and
evaluate the performance of the promotion team
objectively. With performance recap reports that can be
filtered based on specific periods, campus management
can obtain accurate information as a basis for strategic
decision-making in the new student admission process.

Based on the implementation results, the
following is the main interface display of the CRM
system used by administrators and users (promotional
teams).

The Login page is accessed by administrators and

users (promotional teams). Administrators create

accounts for users so they can access the system. The
system will verify the email and password entered and
then direct users to the dashboard page according to their
role, whether administrator or user (promotional team).

Figure 6. Prospect Data Page (User)

The Prospect Data page in Figure 6 is used by
users to view a list of prospective students assigned by
the admin. On this page, users can view basic
information about prospective students, such as their
name, school of origin, and potential status. This page
serves as a basis for following up and communicating
with prospective students through the CRM system.
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Figure 7. WhatsApp QR Scan Page (User)

The WhatsApp QR Scan page in Figure 7 is used
by users to connect the CRM system with the WhatsApp
application before the communication process is carried
out. This page is accessed through the Prospect Data
page, when the user clicks the WhatsApp icon on the
prospective student's data. Once this page is open, the
system will display a QR Code that must be scanned by
the user using the WhatsApp application. If the scanning
process is successful, the system will display an active
WhatsApp connection status so that the user can
continue the communication process with prospective
students through the chat room page on the CRM system.

Figure 8. Chat Room Page (User)

The Chat Room page in Figure 8 is used by users
to communicate directly with prospective students via
WhatsApp. All incoming and outgoing messages are
automatically recorded in the CRM system, can be
monitored by the admin for monitoring purposes, and are
used by the system to automatically update the status of
prospective students based on the content of the
conversation.
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Adrin Dasboared

Figure 9. Dashboard Page (Admin)

The Admin Dashboard page in Figure 9 serves as
the CRM system monitoring center. This page displays
a summary of prospective student data based on potential
status, as well as a table ranking the performance of the
promotion team, sorted by the number of prospective
students who have successfully registered. This
dashboard helps administrators monitor and evaluate the
performance of the promotion team and the overall new
student admission process.

Tormbe Prosaek Bart

Figure 10. Add Prospective Student Data (Admin)

Figure 11. Import Prospect Data (Admin)

The Add and Import Prospect Data pages in
Figures 10 and 11 are used by administrators to manage
prospective new student data. On the add prospect data
page, administrators can manually enter prospective
student data one by one by filling in information such as
name, school of origin, contact details, data source, and
promotional team assignment. Meanwhile, the import
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prospective student data page is used to add prospective
student data in bulk via an Excel file. After the saving
process is complete, all prospective student data will be
automatically stored in the CRM system database.

Fiéﬁre 12. WhatsApp Message History Page (Admin)

The WhatsApp Message History page in Figure
12 is used to display the communication history between
users and prospective students. This page is accessed
through the Prospect Data page by clicking the
WhatsApp icon on the prospective student's data. All
incoming and outgoing messages that occur through the
chat room will be stored and displayed on this page, so
that it can be used by the admin as material for
monitoring and evaluating the communication activities
of the promotion team.

LaparanKinerja Tim

Figure 13. Performance Recap Report Page (Admin)

The Performance Recap Report page in Figure 13
is used by administrators to view and evaluate the
performance of the promotion team based on their
activities. On this page, administrators can filter reports
by month, so that performance data is displayed
according to the selected month. In addition, the system
also provides a report printing feature that makes it easy
for administrators to save or document the promotion
team's performance recap results for evaluation and
reporting purposes.

4.3  Testing

Testing was conducted using the black box
method, as shown in the following table:



Afinni, A. N. et al.

Table 1. System Testing
Feature . .
Tested Scenario Result Description
Entering The system
. registered displays the
Login email and dashboard according Suceesful
password to the role
The system
Accessing displays a summary
. . of the number of
Admin the admin rospects based on Successful
Dashboard dashboard prospe 4 4
potential status and
page .
promotion team
performance ranking.
The system
Prospect Displaying displays a list of
Data prospect data  prospective student Successful
data.
Clicking the The system
Add add prospect .
displays a form to
Prospect button and Successful
. add prospects and
Data filling out the
form save data.
Clicking the
Import import The system
Prospect prospect displays a form to
Data button and  import prospects and Successful
(Admin)  uploading the save data.
file
Edit pcelrlfcll{ll rl.lfotr?e The system
Prospect and editing the successfully updates Successful
Data data.
data
Delete Chckmg the The system
trash can icon
Prospect . successfully deletes Successful
Data and deleting data
the data '
Clicking the The system
WhatsApp  WhatsApp displays the user's
Message icon on the WhatsApp message Successful
History prospect data history with
page prospective students.
The system
Selecting the displays data
Team .
month filter according to filters
Performance L . Successful
Renort and printing and prints
PO’ the report promotional team
(Admin)
performance reports.
Scan . The system
Scanning the .
WhatsApp displays the
QR Code WhatsApp QR WhatsApp Successful
Code .
(User) connection status.
Chat Srzzgllslgn and Messages are
Room WhatsA. s displayed and stored Successful
(User) PP in the CRM system.
messages
Conversin Potential status is
Potential with g automatically
Status cospective updated according to Successful
(User) prosp the content of the
students .
conversation.
5 CONCLUSION
Based on the results of the design,

implementation, and testing of the Laravel-based
Customer Relationship Management (CRM) system in
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the New Student Admission process at the Bakti Asih
College of Analysts (STABA), it can be concluded that
the system that was built is capable of improving the
effectiveness and efficiency of prospective student data
management. This system provides centralized prospect
data recording facilities, potential status monitoring, and
documentation of all communication activities and
follow-ups carried out by the promotion team.

The application of the Waterfall method in
system development provides a structured and
systematic workflow, so that each stage of development
can be carried out properly and in a controlled manner.
The integration of WhatsApp as the main
communication medium has proven to help improve the
quality of interaction between the promotion team and
prospective students, as well as facilitate the monitoring
process by the admin.

6 SUGGESTION AND RECOMMENDATION

With this CRM system, the reporting process
becomes faster and more accurate, the risk of data
recording errors can be minimized, and the performance
of the promotion team can be evaluated objectively
based on available data. For further development, this
system will be synchronized with the PMB website, so
that data management and the new student admission
process become more integrated, responsive, and
sustainable.
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Abstract

The Tinanggea Subdistrict website provides information and public services for the community at the subdistrict level
and surrounding areas. However, the existence of a website must be supported by a good level of usability so that the
information provided to users is conveyed properly. This study aimed to analyze the usability level of the Tinanggea
Subdistrict website using a usability testing method. The research method used was descriptive with a task-based
usability evaluation approach. Testing was conducted by involving eight people who were assigned as users of the
website. The usability level was measured using the System Usability Scale (SUS) in the form of a questionnaire
consisting of 10 questions. The SUS scores of each user were calculated and averaged to obtain the overall website
usability score. The test results show that the Tinanggea Subdistrict website scored 51.1, indicating that it is usable but
still not optimal. This study also shows that the website has implemented usability principles, especially in terms of
ease of navigation and error prevention. However, the website still needs various improvements, particularly in terms
of interaction efficiency, interface design consistency, and interactive service support, so that it can function optimally
as a public service medium.

Keywords: Website, Tinanggea District, Usability Testing, ISO 9241-11, System Usability Scale (SUS)

1 INTRODUCTION the public from accessing important information and
reduce their trust in government’s digital services [2].

Usability is a measure that assesses how easy it is
to use a website interface [3]. Usability refers to the
extent to which a system can be used effectively,
efficiently, and satisfactorily by users in a specific
context. A website with good usability is expected to
make it easier for users to find information, complete
tasks, and understand the available functions without
experiencing significant confusion [4].

Evaluations of the usability of local government
websites have been conducted extensively in the context
of research to measure users' real experiences with
public digital services. Empirical research shows that
aspects such as learnability, efficiency, memorability,
error, and satisfaction have a significant effect on ease of
use and public satisfaction; therefore, they need to be
evaluated on government websites that are directly used
by the public. Thus, usability serves as a technical
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Information and communication technology is
rapidly evolving. This ongoing progress has brought new
innovations to all areas of human life. One such
innovation is the e-government [ 1]. This aims to increase
government transparency, effectiveness, and public
access via official websites. Local government websites,
including those for subdistricts and villages, are the main
channels for public information, services, and
communication with communities. However, a website's
effectiveness depends heavily on its usability.

However, the existence of websites alone does
not guarantee that the information and services provided
can be optimally utilized by the community. Many
government websites still face usability issues, such as
confusing navigation, unclear information structure, and
user-unfriendly interfaces. These problems can hinder
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indicator and a measure of the government's success in
providing digital services that are truly useful and
responsive to the needs of the community [5].

In the context of local government, usability
evaluation is increasingly important because website
users come from diverse backgrounds, including age,
education level, and digital literacy levels. Previous
studies have shown that sub-district and village
government websites often do not fully consider ease of
use; therefore, a systematic evaluation is needed to
identify existing usability issues [6]. Usability
evaluation is expected to reveal the obstacles faced by
users when accessing websites and provide a basis for
recommendations for future system improvement.

Based on this background, this study aims to
analyze the usability level of the Tinanggea Subdistrict
Website using the usability testing method. Through this
approach, the study is expected to provide a realistic
picture of user experiences when interacting with
websites and serve as an evaluative basis for efforts to
improve the quality of web-based information services.

2 LITERATURE REVIEW
2.1  Usability in Government Websites

Research on the usability of government websites
has been conducted extensively in Indonesia,
particularly at the local government and public agency
levels. Previous studies have found that many
government websites still face problems with navigation
structure, menu clarity, and display consistency [1].
Other studies have shown that good content quality does
not necessarily guarantee that a website is easy to use if
usability aspects are not comprehensively considered
[7].

Based on these findings, it can be concluded that
usability issues on government websites are common
and can occur at various levels of agencies. Websites that
are already available and actively used still have the
potential to cause difficulties for users if they are not
designed and evaluated with wusability in mind.
Therefore, usability is a fundamental aspect of public
service website development.

2.2 Usability Testing Methods in Website
Evaluation

Several studies have applied usability testing
methods to evaluate government websites. A usability
analysis using sub-district-level e-government websites
found that wusers still experienced confusion in
navigation and information search [6]. Furthermore, the
usability testing approach has been shown to be effective
in describing the real experience of users compared to
evaluation methods based on developer assumptions [5].

In addition, usability evaluation using the System
Usability Scale (SUS) approach is widely used to assess

SisInfo Vol. 8 No. 1 (2026), 11-19

the usability of other government websites, such as in
studies evaluating public service websites of government
agencies. The results of the study show that SUS scores
often reflect the need for improvements in terms of ease
of use, navigation, and user satisfaction, thus providing
a concrete image of the user experience when interacting
with digital government services [8]. These findings
confirm that the SUS-based usability testing method can
complement traditional usability testing evaluations,
especially in measuring quantitative user responses
relevant to the development of sub-district government
websites.

These findings show that wusability testing
functions not only as a measuring tool but also as a
means of directly understanding user behavior. By
observing how users complete specific tasks, researchers
can identify usability issues that are often undetectable
using other evaluation methods such as surveys. This
makes usability testing relevant for applications on sub-
district-level government websites with diverse user
characteristics.

2.3 Usability of Local Government Websites

Other studies have highlighted the importance of
usability on local government websites, including those
for villages and subdistricts. A usability analysis of the
Musi Village Website shows that information structure
and menu clarity greatly affect users' success in
accessing digital services [4]. Furthermore, usability
evaluations of public service websites can provide
improvement recommendations oriented towards the
needs of end users [4], [9].

In addition to research highlighting aspects of
information structure and user perception, several other
empirical studies have shown that usability evaluations
of local government websites provide new insights into
the real experiences of citizens when they interact with
digital services. For example, usability evaluations of e-
government websites in the sub-district office
environment show that the level of community
involvement in utilizing online services is still low due
to obstacles such as a lack of digital literacy and the
community's preference for offline services [10]. This
finding also emphasizes that usability evaluations must
consider the diverse conditions of users at the local level
so that the evaluation results can form the basis for
inclusive and contextual recommendations for
improving the development of sub-district and village
government websites in the future.

Based on this study, it can be concluded that the
usability evaluation of sub-district government websites
still has room for improvement. Many studies focus on
the context of cities and regencies or emphasize user
perceptions, whereas task-based evaluations at the sub-
district level are relatively limited. Therefore, this study
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attempts to fill this gap by analyzing the usability of the
Tinanggea Sub-district Website using the usability
testing method to obtain a real picture of the user
experience and relevant recommendations  for
improvement.

24 IS0 9241-11

ISO 9241-11 defines usability as the extent to
which a system can be used by specific users to achieve
specific goals in a specified context of use [11]. It
considers effectiveness, efficiency, and satisfaction as
key aspects of usability. Based on this standard, usability
consists of three main components: effectiveness,
efficiency, and user satisfaction.

Effectiveness refers to the error rate of a system,;
a good system is one that, when used, results in few
errors made by users [12].

Efficiency refers to how quickly and accurately
users can complete tasks using the system after learning
its design. In this context, efficiency measures the
resources expended in relation to the accuracy and
completeness with which users achieve goals [12], [13].

Satisfaction is the level of satisfaction users feel
when using the system provided to them for testing.
Usually, this section will also present the possibility of a
user using the system in the future.

These three components serve as a conceptual
framework for interpreting the results of usability testing
on the Tinanggea Subdistrict Website, enabling
systematic analysis of the research results to be carried
out systematically and in accordance with international
usability standards.

2.5  System Usability Scale (SUS)

The System Usability Scale (SUS) is a usability
evaluation instrument developed by John Brooke in
1996 as a simple questionnaire containing ten statements
with a five-point Likert scale to measure users'
subjective perceptions of the overall usefulness of the
system [14]. The SUS is designed as a quick and
practical evaluation tool, so it can be used efficiently in
conditions of limited time and resources, and is neutral
to the type of technology being evaluated. In its
development, Brooke selected ten items with high
correlations from a number of initial statements to
produce alternating positive and negative response
patterns to minimize response bias. The SUS primarily
reflects the satisfaction aspect of usability, as defined in
ISO 9241-11, and has been widely used in various
interactive system evaluation contexts. Further research
shows that although the SUS can provide a
representative picture of usability with a relatively small
number of respondents, increasing the sample size can
improve the reliability of the findings and broaden the
scope of usability issues identified [15].
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3 RESEARCH METHODS
3.1 Research Type and Approach

This study used a descriptive method with a
usability testing approach. The descriptive method was
chosen because this research aims to describe and
analyze the condition of the website as it is, without
making significant developments or modifications to the
system. The focus of the research is on how users interact
with the website and the extent to which the website is
easy to use in supporting users' information needs.

The usability testing approach was used because
this method is one of the main methods in the field of
human—computer interaction to evaluate interactive
systems based on direct user experience. Through
usability testing, researchers can observe user behavior,
difficulties encountered, and interaction barriers that
arise when users interact with a website. In addition to
direct observation, this study also used a quantitative
instrument in the form of the System Usability Scale
(SUS) to obtain a numerical picture of the website's
usability level and reinforce the evaluation results
objectively.

3.2  Research Object

The research object in this study is the previously
developed Tinanggea District website. The website
functions as a medium for providing information
containing various content, such as regional profiles,
service information, news, and other supporting data for
the project.

In the context of this study, the website is treated
as a fully developed system that is ready for use by users.
Therefore, this study does not discuss the design process
or technical implementation of the website but focuses
its analysis on the usability and ease of user interaction
with the website interface based on the principles of
human—computer interaction.

3.3 Research Subject

The research subjects were users of the website
of the Tinanggea District, selected using purposive
sampling. Eight respondents were involved in the study.

The number of respondents in this study refers to
usability testing literature, which states that there is no
absolute number of respondents; rather, it is adjusted to
the objectives and context of the study. Previous studies
have shown that using more than five respondents can
increase the stability and coverage of usability findings,
especially in systems used by individuals with diverse
characteristics [16]. This is in line with a recent study
which shows that in formative usability evaluations, a
small number of respondents (6 to 9 people) is still
effective and reliable for identifying the most critical
usability issues on digital platforms [17].
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In addition, another study explains that a range of
five to ten respondents is commonly used in usability
testing to obtain representative findings without
producing excessively repetitive data [15]. Therefore,
this study involved eight respondents, which was
considered appropriate to achieve the objectives of
descriptive evaluative usability evaluation.

The characteristics of the respondents in this
study included the following:

1. Users who have accessed or are likely to access the
Tinanggea District website.

2. Aged between 18 and 40 years old.

3. Basic skills in using digital devices and the internet.

34 Data Sources

The data sources used in this study consist of two
types: primary and secondary data. Primary data were
obtained from direct observation of user interactions
when using the Tinanggea Subdistrict website. This data
includes how users navigate the website, usage errors
that occur, and difficulties experienced by users while
interacting with the system.

Secondary data were obtained from the
Tinanggea District website database. This database is
used as a source of information displayed on the website.
In this study, secondary data were not analyzed
statistically but were used to create a realistic context for
website usage so that usability evaluation could be
carried out optimally.

3.5 Data Collection Techniques

The techniques used in data collection are divided
into two categories, as follows.

3.5.1 Task-Based Usability Testing

At this stage, respondents will be asked to
complete several scenario-based tasks. This is done to
identify and record the general activities of website
users. During this process, researchers observe the
website, including the navigation flow, usage errors, and
confusion experienced by users while using it.

3.5.2 System Usability Scale (SUS) Questionnaire

After completing all the given scenario tasks,
respondents were asked to fill out a System Usability
Scale (SUS) questionnaire consisting of 10 questions on
a 1-5 Likert scale. This was done to obtain quantitative
data on the website’s usability to support the qualitative
observation results. Details of the questions included in
the questionnaire can be seen in Table 1 below.
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Table 1. SUS Questionnaire
No Statement
1 Ithink I will use this website often.
2 I find this website too complicated to use.
3 I find this website easy to use.
4 I need help from someone else or a technician to
be able to use this website.
I feel that the various functions on this website

> are well integrated.

6 I feel that there are many inconsistencies on this
website.

7 I feel that most people will quickly learn how to

use this website.
8 I find this website very complicated to use.
9 I feel confident when using this website.
10 Ineed to learn a lot before I can use this website.

3.6 Task Scenario

A task scenario is a stage in the design of tasks
related to a product or research being conducted [18].
The task scenarios presented are based on the general
needs of users when accessing information on the
Tinanggea Subdistrict website. This aims to make it
easier for researchers to evaluate the ease of navigation
on the website, the clarity of the information structure,
and the ease of searching for information. The task
scenarios in this study included four tasks that can be
presented through Table 2 below.

Table 2. Task Scenario

Code Task Scenario Goal
Go to the website and ~ Respondents
find detailed successfully found
T1  information about the and understood
profile or history of regional profile

information.
Respondents can
accurately identify

Tinanggea District.
Search for information
about the geographical

T2  location, boundaries, geographical
or map of Tinanggea information about
District. the region.

Find information about
the potential of the
region (such as natural
resources, tourism, or
MSMEs) in Tinanggea
District.
Find the official
contact information,
office address, or
T4  complete identity of
the Tinanggea
Subdistrict
administrator.

Respondents can
identify the
potential strengths
of the region.

T3

Respondents
successfully found
contact details or
agency identities
for communication
purposes
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3.7 Data Analysis Techniques

The data analysis techniques used in this study
were descriptive, qualitative, and quantitative.
Quantitative data were obtained from the SUS
questionnaire, specifically the final usability score of
each respondent, which was then averaged to obtain an
overview of the usability of the website. The quantitative
analysis results supported the qualitative findings.

According to previous study, the usability test
results are closely related to the concept of usability in
ISO 9241-11, particularly the three concepts of
effectiveness, efficiency, and satisfaction in the use of
public service websites [19].

3.8  Research Stages

The research stages conducted in this study
included the following:

1. Identification of Usability Problems on the Website
This stage aimed to identify initial problems related
to the usability of the Tinanggea District website.
The identification was carried out through an initial
review of the appearance, navigation structure, and
presentation of the information on the website. The
results of this stage were used as a basis for
determining the focus of the usability evaluation to
be conducted in the next stage.

2. Task Scenario Development

In this stage, the researcher developed task
scenarios that represented the general activities of
users when accessing the website. The task
scenarios were designed based on the needs of
users in obtaining public information so that they
could describe the actual conditions of website
usage. The development of task scenarios aims to
ensure that the usability evaluation is conducted in
a focused manner and is relevant to the context of
website usage.

3. Task-Based Usability Testing

This stage is the core of the research, where
respondents are asked to complete the task
scenarios that were developed. During this process,
researchers directly observe user interactions with
the website, including the navigation flow,
difficulties encountered, and errors that occur. The
implementation of usability testing aims to obtain a
real picture of the user experience when using a
website.

4. Collection of Observation Data and SUS
Questionnaires
Data collection was carried out in two ways,
namely direct observation and the System Usability

15
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Scale (SUS) questionnaire. Observational data
were used to record user behavior, interaction
barriers, and usability issues that arose during
testing. The SUS questionnaire was used to obtain
quantitative data in the form of usability scores that
describe users' perceptions of the overall ease of
use of the website.

Analysis of Usability Test Results

The data obtained from the observations and SUS
questionnaire were descriptively analyzed. The
analysis was conducted by grouping the findings
based on usability aspects, such as ease of use,
navigation efficiency, and usage errors. The SUS
scores were analyzed to provide a numerical
overview of the website's usability level and were
used to support the qualitative analysis results.

Preparation of Conclusions and Recommendations
The data obtained from the observations and SUS
questionnaires were descriptively analyzed. The
analysis was conducted by grouping the findings
based on usability aspects, such as ease of use,
navigation efficiency, and usage errors. The SUS
scores were analyzed to provide a numerical
overview of the website's usability level and were
used to support the qualitative analysis results.
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Identification of Usability
Problems on the Website

l

Task Scenario
Development

Task-Based Usability
Testing

3

Caollection of Observation
Data and SUS
Questionnaires

¥

Analysis of Usability Test
Results

¥

Preparation of Conclusions
and Recommendations

Figure 1. Research Stages

The research stages were arranged systematically
and consistently with the characteristics of descriptive
evaluative research, without covering the process of
system design or redevelopment of the system.

4 RESULTS AND DISCUSSION

The results of the usability testing of the
Tinanggea District website were obtained using the
System Usability Scale (SUS) instrument. Based on the
calculations from eight respondents, the average SUS
score was 51.2, indicating that the website's usability
level was in the low to marginal category. This score
indicates that the website is still functionally usable as a
medium for providing public information but does not
yet provide an optimal user experience. The distribution
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of the System Usability Scale (SUS) scores from all
respondents as a basis for assessing the level of website

usability is presented in Table 3.

Table 3. System Usability Scale (SUS) Calculation

Results
Respondents SUS Scores
R1 52.5
R2 45.0
R3 47.5
R4 57.5
RS 55.0
R6 45.0
R7 52.5
R8 55.0
Averange 51.2

The SUS results were further analyzed with
reference to the concept of usability in ISO 9241-11,
which covers the aspects of effectiveness, efficiency, and
satisfaction in the context of using public service
websites. In terms of effectiveness, most respondents
were able to complete task scenarios related to basic
information searches, such as sub-district profiles and
regional potential. However, some users still needed
time to adapt during the initial stages of interaction to
understand the information presentation. This condition
shows that the system's effectiveness has been achieved,
but there is still room for improvement to accelerate the
achievement of the user goals.

The homepage of the Tinanggea Subdistrict
website, which contains regional identity and the main
navigation menu, is shown in Figure 2. The basic
information presented directly on the homepage helps
users understand the purpose of the website without the
need for lengthy exploration. The consistency of the
navigation menu on each page also supports ease of use
when moving between the pages. In terms of usability,
this condition shows that the website has fulfilled the
aspect of learnability because the usage pattern can be
learned by users in a relatively short time.

PROFIL KECAMATAN

TINANGGEA

DESA TINANGGEA

Figure 2. Tinanggea Subdistrict Website Home Page
Display
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In presenting information on the potential of
leading villages, the website utilizes visual elements in
the form of images and village tab navigation, as shown
in Figure 3. This visual approach helps users obtain a
quick and intuitive overview of the region’s condition.
However, the limited textual explanation means that the
information presented tends to be visually descriptive
and does not fully support the need for more in-depth
information on the topic. This shows that it has achieved
effectiveness in conveying information, but the
completeness and depth of the content still need to be
improved to optimize the quality of public information
services.

POTENSI DESA UNGGULAN

Figure 3. Page on the Potential of Leading Villages
with Village Tab Navigation

In addition to functioning as a medium for
providing public information, the Tinanggea Subdistrict
website is equipped with an Admin Dashboard feature
for user data management, as shown in Figure 4. The
existence of this feature shows that the website is not
only static but also has operational functions that support
system management and maintenance. Based on the
observation results, the system implements an error
prevention mechanism through input data validation and
clear error messages when errors occur during data entry.
This mechanism helps users understand the errors that
occur and prevents repeated errors during data
management.

Figure 4. Tinanggea Subdistrict Website Admin
Dashboard Display

An example of the application of an error
prevention mechanism in the form of input data
validation is shown in Figure 5, which shows that the
system provides immediate feedback when mandatory

SisInfo Vol. 8 No. 1 (2026), 11-19

data are not filled in by the user. The existence of this
mechanism contributes to increasing the effectiveness
and efficiency of system usage because errors can be
prevented before the data storage process is carried out.
With clear validation and feedback, user interactions
with the system become more focused and controlled.

Username

Please fill out this field.

Password

Figure 5. Example of Input Data Validation on the
Admin Dashboard

Although error prevention aspects have been well
implemented, the evaluation results show that the Admin
Dashboard still has limitations in terms of interaction.
The system does not yet provide features or space that
allow administrators to respond to messages, questions,
or feedback from website users. The absence of this two-
way communication feature has the potential to limit the
role of the website as a responsive and interactive public
service medium. In addition, several inconsistencies
were found in the presentation of the interface, such as
differences in menu terms and component layouts on
several pages, which can affect the consistency of the
user’s experience.

Overall, the results and discussion show that the
Tinanggea Subdistrict website has fulfilled its basic
function as a medium for providing public information
and has implemented several usability principles,
particularly in terms of ease of navigation and error
prevention. However, based on a usability analysis
referring to ISO 9241-11, there are still aspects that need
to be improved, especially in terms of interaction
efficiency, interface consistency, and communication
support  between  administrators and  users.
Improvements in these aspects not only affect ease of use
but also have direct implications for the quality of public
services and user satisfaction. Therefore, the results of
this study can be used as a basis for developing a more
responsive, consistent, and user-oriented website for the
Tinanggea Subdistrict

5 CONCLUSION

Based on the results of research conducted using
descriptive methods with a usability testing approach,
the conclusion that can be drawn is that the Tinnangea
Subdistrict website has fulfilled its basic function of
providing public information. This is evidenced by the
ability of most respondents to complete task scenarios
related to searching for basic information, such as
subdistrict profiles, regional information, and regional
potential.
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Usability testing using the System Usability Scale
(SUS) resulted in an average score of 51.2. This score
falls into the low-to-marginal category, indicating that
the website is still functionally usable but does not yet
provide an optimal user experience. This finding is
reinforced by observations showing that users need to
adapt to understand the navigation structure and
information presentation.

When reviewed based on the concept of usability
in ISO 9241-11, the effectiveness aspect of the
Tinanggea Subdistrict website has been achieved
because users are able to complete their main usage
objectives successfully. However, the efficiency and
satisfaction aspects still need to be improved, especially
in terms of interface consistency, navigation efficiency,
and the completeness and depth of the information
presented. In addition, the limited two-way
communication  features  between users and
administrators are one of the factors that have the
potential to reduce the quality of interaction and user
satisfaction.

6 SUGGESTION AND RECOMMENDATION

Overall, the results of this study show that the
Tinanggea Subdistrict website has implemented several
usability principles, particularly in terms of ease of
navigation and error prevention. = However,
improvements are still needed in terms of interaction
efficiency, interface design consistency, and more
interactive service support. This improvement to the
website can function more optimally as a responsive
public information service medium that is oriented
towards user needs.
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Abstract

The exponential growth of data in the digital era poses significant challenges for effective data utilization. The Extract,
Transform, Load (ETL) process is the foundation for preparing large-scale, unstructured data from various sources
(NoSQL databases, log files) for analysis in a data warehouse. However, handling complex data structures such as
nested arrays in MongoDB is a major obstacle during the transformation phase. In addition, the purpose of the
transformation process is to maintain data quality and integrity. This crucial need requires a robust mechanism for
anomaly detection to identify unusual patterns or events that indicate data corruption or system errors. The process of
handling system errors requires analyzing nested array data structures using relevant machine learning algorithms for
anomaly detection. This literature study is expected to provide valuable insights and identify relevant algorithms in

data anomaly detection after the ETL process.

Keywords: Machine Learning, Anomaly Detection, Nested Array, SLR

1 INTRODUCTION

The digital age, marked by rapid data growth
known as Big Data, poses significant challenges for
organizations in managing and using data effectively to
support evidence-based decisions. Various industries
currently collect large amounts of data from diverse
sources, including relational databases and NoSQL
systems such as MongoDB. However, raw data is
typically unstructured, inconsistent, and contains
redundancies and missing values, making it difficult for
advanced analysis.

To resolve these issues, organizations implement
the Extract-Transform—Load (ETL) process as a core
part of modern data architecture. The ETL process
involves three main steps: (1) Extract, which retrieves
data from sources such as MongoDB in JSON format;
(2) Transform, which includes schema modifications,
normalization, nested array splitting, and integrating
data relationships; and (3) Load, which involves loading
the transformed data into a data warehouse for analytics
and reporting.

MongoDB, as a document-oriented database, can
store complex data structures, including nested arrays
and hierarchical documents. Its flexibility offers storage
advantages, but the complexity of these structures
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increases computational load during the ETL
transformation stage. Processing errors can affect data
quality after ETL, so evaluating data quality using
metrics such as null value percentage, attribute
inconsistency, duplication, and outliers is necessary.
Indicators of poor data quality suggest that the ETL
process has failed to meet business analytics needs.

Research and analysis clearly indicate that a
mature data management strategy is essential.
Unsupervised machine learning (ML) methods are used
to automate ETL performance evaluation and detect
anomalies in data quality metrics. Techniques such as
Isolation Forest, Local Outlier Factor (LOF), and One-
Class Support Vector Machine (OC-SVM) are used to
identify abnormal patterns in large-scale unlabeled data.
Using ML improves anomaly detection accuracy while
maintaining ETL system scalability and reducing
processing delays in production.

However, existing research shows that the most
popular algorithms are not always the most effective in
every scenario. Some studies choose certain methods for
ease or popularity, while others highlight the superior
performance of alternative algorithms under specific
conditions, such as high dimensionality or concept drift.
Therefore, a systematic approach is needed to
differentiate between how often algorithms are used and
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how effectively they are based on comprehensive
evaluation criteria.

Performance evaluation of anomaly detection
during ETL processing cannot rely on a single metric,
such as accuracy. This study adopts an integrated
approach, considering three key dimensions: (1)
detection accuracy, including precision, recall, and F1-
score; (2) scalability, involving computation time, ability
to handle large data, and compatibility with real-time
ETL; and (3) interpretability, which assesses how well
data practitioners can understand detection results to
support operational decisions.LO

High anomaly-detection accuracy can be
misleading, especially with highly imbalanced data
where anomalies are rare compared to normal data.
Results show models can achieve high accuracy simply
by predicting the majority of class but fail to detect
critical issues that indicate data quality problems. Hence,
the literature increasingly emphasizes recall-based
metrics, false positive rates, and the business impact of
detection errors.

This journal presents a Systematic Literature
Review (SLR) following PRISMA guidelines to
examine research published from 2019 to 2025 on
applying machine learning to ETL evaluation and
optimization, particularly for semi-structured data and
nested arrays. The article selection process aligns with
the PRISMA flow diagram, covering identification,
screening, eligibility, and final inclusion. As part of the
review, several selected journal articles are summarized
in a table, including authors, publication year, dataset
types, algorithms used, and main contributions:

Table 1. Summary table of selected articles

Author Year | Dataset | Algorithm | Contribution

Marcelli | 2022 | Sensor | Isolation | High AUC

E, data Forest (0.997), F1

Barbariol (Node- (95.29)

T, Susto RED), active

G learning for
anomaly
detection
[1].

Usman 2023 | Credit | LOF Accuracy

N, Utami transac 97.6%,

E, tions. F1 97).

Hartanto Density-

A based
outlier
scoring [2].

21

SisInfo Vol. 8 No. 1 (2026), 20-30

Usman 2023 | High OC- AUC 0.9,

N, Utami Dimen | SVM TPR 0.9.

E, sional efficient for

Hartanto Sensor high-dim

A data anomalies
[2].

The SLR also includes a dedicated subsection on
quality assessment of the studies, considering clarity of
methodology, reproducibility, dataset relevance, and
transparency in reporting evaluation metrics. The
approach ensures that the synthesis is both quantitative
and methodologically solid.

Based on the literature review, the study identifies
open research gaps such as limited exploration of hybrid
ML-rule-based ETL approaches that combine machine
learning flexibility with deterministic rule reliability, the
scarcity of studies on online anomaly detection in
streaming ETL environments especially for real-time
settings with concept drift and the lack of integration of
Explainable Artificial Intelligence (XAI) methods to
clarify the causes of anomalies in ETL processes,
helping practitioners to follow up effectively.

Therefore, this systematic review aims to provide an
overview of research trends, algorithm effectiveness,
evaluation criteria, and future directions for applying
machine learning to improve data quality and Extract-
Transform-Load (ETL) system performance.

1.1  Research Questions

There are several research questions in this
study, among others:

1. RQI: What is the most effective Machine
Learning method for anomaly detection in nested
array data after the Extract-Transform-Load
process?

2. RQ2: How is the implementation and performance
evaluation of machine learning algorithms in
optimizing the Extract-Transform-Load process
on large-scale data?

2 LITERATURE REVIEW
2.1  ETL Process (Extract, Transform, Load)

The ETL process is a fundamental methodology
in data warehousing that consists of three stages:
extracting data from MongoDB in JSON format
(Extract), transforming the data schema, and modifying
some related data for analysis purposes (Transform), and
the transformed data is loaded into the data warehouse
(Load) for further analysis as reporting [3]. Data with
large volumes is known as “Big Data”. To handle such
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large amounts of data, an ETL process is needed to make
data processing easier, faster, and automated, using
Apache Airflow [4].

2.2 Machine Learning

Machine Learning (ML) is a technology to
address various challenges, especially in the final output
of the ETL process. ML algorithms can automate several
aspects of data transformation, proactively identify
anomaly patterns, and predict potential issues [5].
Machine learning has two types of approaches:
supervised and unsupervised. Supervised machine
learning requires labeled data to train the model, whereas
unsupervised machine learning does not, as its approach
focuses on discovering patterns within the data
independently [6].

2.3  MongoDB

MongoDB is a leading NoSQL database and a
choice for storing structured and semi-structured data.
MongoDB is one of the sources used for analysis to
obtain business information within an organization [7]
MongoDB's unique ability to store nested arrays
provides flexibility but also presents challenges in the
ETL process.

Research conducted by [8] shows that the
schema-less MongoDB data structure requires an
adaptive ETL approach to handle the variations in
dynamic data structures [9] A comparative study
comparing ETL performance between relational
databases. The main challenges in the ETL process using
data from MongoDB include denormalization, handling
nested objects, and query optimization for unstructured
data [10] Proposing that MongoDB's complex array
improves ETL performance by up to 40% [11], [12].

2.4  Anomaly Detection

Anomaly detection is the process of identifying
patterns that do not conform to normal expectations.
Data anomalies can include unreasonable values,
unusual patterns, or data inconsistencies that can affect
the quality of analysis [12]. Anomaly detection after the
ETL process becomes crucial to maintain the integrity of
the processed data [13]

3 RESEARCH METHODS
3.1 Preferred Reporting Items for Systematic
Reviews and Meta-Analyses (PRISMA)

The Preferred Reporting Items for Systematic
Review and Meta-Analyses (PRISMA) method is a
systematic and structured framework for conducting
literature reviews [14]. The process includes the
identification, evaluation, and synthesis of results from
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several previous studies in a systematic and structured
manner [14]. The approach is chosen as a review of
Machine Learning algorithms in optimizing the Extract-
Transform-Load (ETL) process, especially in handling
complex data such as nested arrays and anomaly
detection [3]. In this study, we followed the PRISMA
guidelines to review various machine learning
algorithms, reducing potential bias and ensuring the
objectivity of the literature review process through
transparent and systematic reporting [14].

3.2  Stages of Systematic Literature Review

This research involves several stages that must be
carried out when studying and summarizing previous
research to provide an overview and guide the process
from planning to final reporting of results.

H

Study Identification and
Selection

%

Figure 1. Flowchart Systematic Literature Review

Research

Planning

l

Data Extraction |€—

!

Data Synthesis and
Analysis

Figure 1 shows the planning diagram for the
systematic literature review conducted to examine and
summarize several journal articles from 2019 to 2025.
There are some discussions in the systematic literature
review chart to understand the process carried out. Here
is the discussion of the flowchart:

1. Formulation of research questions
This research is guided by two Research Questions
(RQs) designed to explore in depth the role of
machine learning algorithms in evaluating the
performance of the Extract-Transform-Load (ETL)
process. Specifically related to anomaly detection
in complex data structures.

2. Inclusion and Exclusion Criteria
This process ensures that the results are relevant
and that the quality of the studies to be analyzed is
high. A set of inclusion and exclusion criteria is
established. The inclusion and exclusion criteria
serve as filters in the journal article selection
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process. Additionally, the researcher will focus on
the main objective, which is literature relevant to
the predetermined main question. The following
are the objectives of the research, among others:

a. Inclusion Criteria

Relevant journal articles on the topic are
published by reputable publishers such as
IEEE, ACM, Springer, Elsevier, MDPI, and
others. The journal articles specifically
discuss the application of machine learning
algorithms to evaluate Extract-Transform-
Load performance, anomaly detection, data
processing for storage in data warehouses,
data schema transformation, and several
processes to address issues with nested array
data types, all with a modular structure.

b. Exclusion Criteria

Identified  duplicate  studies, deleting
irrelevant journal articles based on a review of
titles and abstracts, and studies that do not
directly discuss the application of machine
learning for anomaly detection or the
performance of Extract-Transform-Load on
nested array data [15].

3. Data Sources and Search Strategies
Literature research is conducted through various
methods, using a variety of sources, including
reputable academic databases, to ensure coverage
of relevant studies [16]. The literature will be
processed using well-known academic databases,
such as Scopus.

This search strategy uses keywords, then
compiles several relevant journal articles. The results
obtained are approximately 40 journal articles. These
results are based on a systematic literature review
process.

3.3  Study Identification and Selection

This stage involves identifying journal article
data and screening studies according to the established
planning criteria. Based on the process carried out, the
PRISMA guidelines need to be followed to ensure
transparency and reproducibility. Here are some of the
steps taken, among others:

1. The specified database search is for journal articles
indexed academically, one of the well-known
examples being Scopus.

2. Data deletion of irrelevant journal articles.

3. Filtering titles and abstracts.
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4. Full text screening for journal articles that pass the
relevance verification process and comply with
inclusion and exclusion criteria.

3.4 Data Extractions

This stage follows the analysis of relevant journal
articles, in which input data are selected to classify the
articles that will serve as references for this research.
This process will produce information on several
important aspects, including the publication, the research
methodology used, the characteristics of the dataset
employed, the performance metrics used for evaluation,
and the solutions proposed by previous studies to assist
future research on similar topics.

3.5 Data Synthesis and Analysis

In the final stage, the extraction and processing
stage, the final visualization synthesis results are
produced based on the publication years of the journal
articles, which are set from 2019 to 2025. From the
approximately 7 years of selected publication years, the
data will be analyzed to answer the research questions.

4 RESULTS AND DISCUSSION

The results of the process carried out through a
systematic literature review present the final outcomes
of the identification and selection of journal articles,
based on well-known academic studies. Based on the
processing conducted using the PRISMA method, the
following will be discussed:

4.1 Keyword Search Results
The stages of identifying and selecting studies are
the initial steps in collecting relevant literature.

Processing begins with keyword searches related to the
journal article topics referenced. There are several well-
known journal publishers, and then the next step is
screening, aimed at ensuring that journal articles meeting
the inclusion criteria are selected as the final results. The
selection of criteria is based on the results of the journal
article screening process, summarized in Table 1, which
outlines a systematic procedure for sorting and selecting
relevant studies.

Table 2. Stages of a systematic literature review
Stages Explanation

Research The process of removing
duplicate literature is limited
by search processors, resulting
in the database in Watase or
the selection of literature that
does not match the topic.
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Selection Based on
Title and Abstract

Filtering journal articles based
on titles and abstracts.
Selecting relevant and
irrelevant studies.

Filtering relevant topics based
on the method or model used.

Selection Based on
the method used for

research topic

adjustment

Selection based on | A comprehensive analysis for

full text the extraction process of
relevant  journal article
selection results will be
automatically saved in the full
text menu.

Documentation of | The entire selection process is

the Selection | documented using PRISMA to

Process show the journal articles

reviewed at each stage.

The discussion based on the table visualization
above has resulted in various keyword searches. Here are
the final results of the keyword search.

No Keyword Raw
1 performance evaluation, big data 47
2 Machine Learning Algorithms, big data 64
3 anomaly detection, isolation forest 56
4 algorithm data warehouse 30
5 extract ransform load 16

Figure 2. Identify and select keywords

Note that Figure 2 shows the final result of
keyword identification and selection processing. The
process aims to identify relevant journal articles for the
most general topic. The search was conducted using
general keywords and more specific research keywords.
Below are some of the final results obtained from the
search for relevant journal articles.

1. “Performance evaluation, big data.” This keyword
retrieves journal data. A total of 47 data points were
filtered down to about 14.

2. “Machine Learning Algorithm, big data” This
keyword retrieves 64 journal data entries, which are
then filtered down from 64 to approximately 24
entries.

3. “Anomaly detection, isolation forest.” This
keyword retrieved a total of 56 journal data entries,
which were then filtered down to 32.

4. “Algorithm data warehouse.” This keyword has 30
journal data entries, which are then filtered down to
7.
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5. “Extract, transform, load.” For this keyword, there
are 16 journal data entries, which were then filtered
down to about 5.

The keyword search above filters journal article
data in the Watase database. The publication year
follows a 7-year cycle, from 2019 to 2025, and is
indexed by reputable publishers such as Scopus. After
successful processing, the next step is to produce a
PRISMA diagram.

Prisma Reporting: Evaluasi Performa El (faisal)

ion of studies vi:

Identification

ther
ler Q1,02,03,04]

abstract for

o

Reports sought for
retrieval (From Other

Sour
=B

Screening

Reports (Other Sources)
assessed for eligibility

n-ED)

Reports assessed for eligibility

n=E3)

Reports excluded:
[™| For Some Reason (n=EZ)

l

tdies inciuded in review
% Studies Included (Other

7 E———— Sources) in Review

cluded studies

% | Included

ois, bassd on Prisma 2020 Reporting

Figure 3 PRISMA Result

Please refer to Figure 3, which shows the final
results of the keyword search process, also known as the
identification and selection of studies. The search
process was conducted using databases from various
reputable publishers. A total of 213 journal article data
entries were found. Of these, 31 irrelevant and duplicate
journal articles were removed. Thus, 182 data entries
remained. Next, approximately 10 journal articles that
did not meet the criteria were deleted, leaving
approximately 172. The remaining data were reduced by
2 journal articles that lacked abstracts, resulting in a final
PRISMA output of 170 journal articles needed for the
study.

The processing of these 170 journal articles will
be repeated, with some excluded, resulting in 39 articles
suitable for the research. Next, a retrieval process was
carried out to select relevant articles. The selection was
done manually, resulting in 11 reports that could not be
obtained, while the remaining 28 reports were
successfully retrieved and deemed suitable as research
references. Additionally, the final results of the keyword
search for journal articles produced a visualization of a
synthesis graph by year, showing trends over time, in
accordance with external data from publishers.
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Yearly Article

12
11
10

Number of Articles

N W s U o N ®

2018 2019 2020 2021

Year

Figure 4. Exclusive results based on the year of journal
article publication

2022 2023 2024 2025

Note that Figure 4 shows the graph of the number
of journal articles selected based on the publication year,
from 2018 to 2025. The publication year 2018
successfully obtained 7 journal articles, the year 2021
obtained 6 journal articles, the year 2022 obtained 5
journal articles, and the year 2024 obtained 8 journal
articles. The most journal articles were obtained from the
publication year 2023, with 10 articles, while the fewest
were in 2020, with 3 articles. Based on the line graph,
the average is 4 journal articles for 2019 and 2025.

Publisher
|IEEE (4)
Elsevier (3)
Springer (2)
MDPI (1)
Wiley (1)
proceedings (2)
conference (3)
Lainnya (24)

Figure 5. Results of the illusion based on a reputable
publisher

Note that Figure 5 is a visualization of the final
inclusion results based on various reputable publishers.
The visualization was conducted to analyze the
distribution of relevant journal articles successfully
found by different publishers. Based on the
visualization, the source with the most articles is IEEE,
with around 4 journal articles, while the source with the
fewest is MDPI, and Wiley managed 1 journal article.
The final results, displayed as a pie chart, will proceed to
the next stage: processing to answer the research
questions.

RQ1: What is the most effective Machine Learning
method for anomaly detection in nested array data after
the Extract-Transform-Load process?
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Anomaly detection is the process of identifying
unusual patterns or events, such as results from data
transformation processes that experience discrepancies
or are considered null [17]. Anomaly is also known as
outlier, deviation, or exception [18]. Anomalies are data
points or entire patterns that deviate from normal
behavior. Therefore, anomaly detection is performed to
tidy up data with nested array types by converting them
into a modular format so the system can understand
them. Managing nested data types using the Extract-
Transform-Load strategy presents complex challenges
that require machine learning algorithms to handle
hierarchical and unstructured data structures. Thus, the
systematic literature review conducted reveals various
machine learning methods that demonstrate the
effectiveness of anomaly detection for nested array data
patterns [19].

Unsupervised == Machine Learning Supervised

Figure 6. Types of machine learning algorithms

Figure 6 is a visualization of the mind mapping,
based on the analysis process that identified two types of
machine learning algorithms. From among these
algorithms, the researcher will select the most efficient
for anomaly detection. The selection is based on the
results of the analysis, through visualization and
understanding, that have been conducted. The most
commonly used algorithm for anomaly detection is
unsupervised, and the metric most commonly used to
assess whether the data is anomalous or normal is

accuracy.
/ Isolation Forest

" Local Outler Factor (LOF)
Figure 7. Types of Algorithms for Anomaly Detection

One-Class Support

Vector Machine (0C-SVM) Unsupervised

Based on scientific analysis, machine learning
algorithms are divided into two types: supervised and
unsupervised. The researcher further analyzed and found
that anomaly detection processing is often performed
using unsupervised algorithms [6], [20]. Therefore, it has
been concluded that the results of unsupervised
algorithm analysis are frequently used, including by
other researchers. Unsupervised algorithms branch into
many methods, so researchers choose efficient methods
for anomaly detection, data management, and error
checking in data. The following are:
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1. Isolation Forest

This algorithm is designed to detect anomalies. Its
approach is to isolate data observations that are
considered anomalies from those considered
normal. [21], [22] The Isolation Forest method
demonstrates strong performance, with an AUC of
0.997, an F1-Score of 95.29%, a Precision of
95.73%, and a recall of 94.85%.

2. Local Outlier Factor (LOF)
This algorithm is designed to measure the 'anomaly’
value, such as data points based on data density

SisInfo Vol. 8 No. 1 (2026), 20-30

compared to neighbor looseness. Data points with
a significantly higher Local Outlier Factor than
their neighbors are considered outliers [23].

3. One-Class Support Vector Machine (OC-SVM)
This algorithm is designed to classify normal data,
identifying data points that are 'extraordinarily'
normal as anomalies [24] stated that the OC-SVM
algorithm shows performance with an AUC value
of 0.9, FPR 0f 0.39, and TPR of 0.9.

Table 3. Total Data
Algorithm Citation Low Metrics High Metrics Data Transformation

Isolation Forest [1] AUC: 0.935 AUC: 0.997 Historical machine sensor data from

F1-Score: 93.7 F1-Score: 95.29 Node-RED to tabular.

Precision: 93.86 Precision: 95.73

Recall: 93.08 Recall: 94.85
Local Outlier Factor [2] AUC: 0 AUC: 0.956 Credit card transaction data into
(LOF) Accuracy: 77.8 Accuracy: 97.6 tabular.

F1-Score: 50 F1-Score: 97

F2-Score: 14 F2-Score: 95.7

Precision: 50.3 Precision: 97.7

Recall: 50.4 Recall: 97.6

AUROC: 0.5465 | AUROC: 0.4859
One-Class Support 2] AUC: 0.64 AUC: 0.9 Sensor data dimensions are high for
Vector Machine (OC- FPR: 0.0 FPR: 0.39 feature representation.
SVM) TPR: 0.4 TPR: 0.9

Based on the analysis of the table visualization
above, the most frequently used algorithm is Isolation
Forest to detect anomalies in data that has been
processed using the Extract-Transform-Load strategy.
[171, [19].

After managing data using the Extract-
Transform-Load (ETL) strategy with nested array data
from a company in Indonesia, the processing needs to
consider several methods as key to the success of
implementing machine learning algorithms. Here are
some effective data preprocessing steps, among others:
a. Flattening/De-nesting is the process of

transforming a nested array structure into a tabular
representation.

b. Feature Engineering is a process of extracting
various relevant features from nested data array
patterns that can be described through the data
characteristics comprehensively, such as the
number of elements in the array, the data type of
elements, or specific patterns.

c. Missing Value Imputation is the process of
removing or eliminating unnecessary or potentially
appearing values during the Extract-Transform-
Load process.

d. Encoding categorical data is the process of
converting categorical data into a numerical
format.

Based on the analysis, it was found that the most
frequently used algorithm is Isolation Forest for anomaly
detection, and that the processing takes a long time.
Therefore, it is necessary to find out information so that
the processing time is kept under about 10 minutes to
avoid taking too long in data management.

RQ2: How is the implementation and performance
evaluation of machine learning algorithms in
optimizing the Extract-Transform-Load process on
large-scale data?

The application of machine learning (ML) in the
Extract-Transform-Load process offers great potential to
improve efficiency, accuracy, and automation. However,
the implementation faced challenges, such as difficulties
in making accurate and careful decisions. The
implementation involved a transformation process by
adjusting the data schema or data warehouse structure
(BigQuery). Then, an implementation issue occurred, so
an evaluation of data performance was necessary by
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applying machine learning to identify the root cause and
determine which data needs to be followed up on.

Here are some metrics that can be used as
considerations [25]:

1. Anomaly detection accuracy
This metric is used to measure precision, recall, and
F1-Score.

2. Efficiency of time and computational resources.
This metric is applied to process data quickly,
within approximately 1 minute, without burdening
the device's resources.

3. Quality of transformed data
This metric is used to measure the consistency and
completeness of data from the Extract-Transform-
Load process.

Among the three materials, the researcher took a
wise step by conducting further analysis to understand
the meaning of the information obtained. As a result,
several machine learning application methods were
identified that can assist in many aspects, including:

Table 4. Name of the machine learning method for
evaluating ETL performance

Machine Learning Explanation
Method

Improvement
Data Quality

Citation

of | This method is
used to identify
and mark
inconsistent,
duplicate, or
functional data to
ensure the quality
of data that has
been uploaded to
the data
warehouse.

This method is
used to handle
nested arrays.
Additionally, the
application of
machine learning
can learn
transformation
patterns
efficiently and
reduce the need
for complex
manual rules.

[26], [27]

Data
Transformation
Automation

(5], [28]
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Proactive Anomaly | This Machine | [13], [23],
Detection Learning method | [24], [29]
is capable of
performing real-
time or near-real-
time anomaly
pattern  detection
during the ETL
process.
Performance This Machine |[19], [25],
Optimization of | Learning method [30]
Extract-Transform- | can analyze logs
Load and performance

metrics of Extract-
Transform-Load

processes to
identify
bottlenecks or
areas that need
optimization.

Examples include
job scheduling or
resource
allocation.

Through the Extract-Transform-Load (ETL)
workflow, the design is processed to prepare data for
effective use [31]. Data is collected and then processed
according to the needs of analysis, reporting, and
ultimately used to make wise business decisions. [32]
With the three stages completed, the results are accurate,
consistent, and relevant data [3].

The processing is carried out, and the analysis has
found that the understanding that can be drawn is a
transformation process by changing raw data into a
format ready for analysis. An example is managing data
using transaction data. [33] The initial data was in a
nested array pattern, then its structure was transformed
into a tabular format that can be understood by analytics,
so it can be analyzed into detailed explanations.
Processing was carried out using an unsupervised
method so that the design could explain activities, scope,
objects, materials, tools, locations, and data collection
techniques, and operational definitions of research
variables as an effective analysis technique.

5 CONCLUSION

The processing conducted using a systematic
literature review strategy can be summarized that there
are two types of machine learning algorithms, namely
supervised and unsupervised, which are then further
narrowed down according to the research needs. Based
on the results of narrowing down various types of
unsupervised algorithms, three were identified: isolation
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forest, local outlier factor, and one-class support vector,
all of which have good effectiveness in detecting
anomalies in nested array data patterns after processing
data with the Extract-Transform-Load strategy. The
algorithms obtained were then selected based on their
frequent use because they demonstrated some of the best
performance, with isolation forest being the most
prominent. The results of the isolation forest algorithm
include data evaluation metrics with the implementation
of optimized Extract-Transform-Load processing to
improve efficiency, accuracy, and automation. However,
there are challenges in processing and managing data, so
careful consideration of the evaluation metrics results is
necessary, such as recalculating anomaly detection
accuracy, time efficiency, and data quality from the data
transformation results.

6 SUGGESTION AND RECOMMENDATION

This research provides a solid foundation for
developing data management using a more effective
Extract-Transform-Load (ETL) strategy, integrating
machine learning algorithms to detect anomalies in
nested array data structures.

REFERENCES

[1] E. Marcelli, T. Barbariol, and G. A. Susto,
“Active Learning-based Isolation Forest (ALIF):
Enhancing Anomaly Detection in Decision
Support Systems,” Jul. 2022.

N. Usman, E. Utami, and A. D. Hartanto,

“Comparative Analysis of Elliptic Envelope,

Isolation Forest, One-Class SVM, and Local

Outlier Factor in Detecting Earthquakes with

Status Anomaly using Outlier,” in 2023

International Conference on Computer Science,

Information  Technology and Engineering

(ICCoSITE), IEEE, Feb. 2023, pp. 673—678. doi:

10.1109/ICCoSITES57641.2023.10127748.

J. C. Nwokeji and R. Matovu, “A Systematic

Literature Review on Big Data Extraction,

Transformation and Loading (ETL),” 2021, pp.

308-324. doi: 10.1007/978-3-030-80126-7_24.

J. Nwokeji, F. Aqlan, A. Anugu, and A.

Olagunju, “Big Data ETL Implementation

Approaches: A Systematic Literature Review

(P),”  Jul. 2018, pp. 714-721. doi:

10.18293/SEKE2018-152.

[5] F. Raymand, B. Najafi, A. Haghighat
Mamaghani, A. Moazami, and F. Rinaldi,
“Machine  learning-based  estimation of
buildings’ characteristics employing electrical
and chilled water consumption data: Pipeline

(4]

28

(6]

(7]

(9]

[10]

[11]

[12]

SisInfo Vol. 8 No. 1 (2026), 20-30

optimization,” Energy Build., vol.
113327, Sep. 2023,
10.1016/j.enbuild.2023.113327.

Y. Gong, F. Gu, K. Chen, and F. Wang, “The
Architecture of Micro-services and the
Separation of Frond-end and Back-end Applied
in a Campus Information System,” in 2020 [EEE
International Conference on Advances in
Electrical  Engineering  and  Computer
Applications( AEECA), IEEE, Aug. 2020, pp.
321-324. doi:
10.1109/AEECA49918.2020.9213662.

A. A. Yulianto, “Extract Transform Load (ETL)
Process in Distributed Database Academic Data
Warehouse,” APTIKOM Journal on Computer
Science and Information Technologies, vol. 4,
no. 2, pp. 61-68, Jul. 2019, doi:
10.11591/APTIKOM.J.CSIT.36.

M. Gorawski, K. Pasterak, A. Gorawska, and M.
Gorawski, “The stream data warehouse: Page
replacement algorithms and quality of service
metrics,” Future Generation Computer Systems,
vol. 142, pp. 212-227, May 2023, doi:
10.1016/j.future.2023.01.003.

S. R. Cheruku, S. Jain, and A. Aggarwal,
“Managing Data Warehouses in Cloud
Environments: Challenges and Solutions,”
International Research Journal of
Modernization in Engineering Technology and
Science, vol. 6, no. 8, Sep. 2024, doi:
10.56726/IRIMETS61249.

F. F. Hasan and M. S. A. Bakar, “Data
Transformation from SQL to NoSQL MongoDB
Based on R Programming Language,” in 2021
Sth International Symposium on
Multidisciplinary — Studies and  Innovative
Technologies (ISMSIT), 2021, pp. 399—403. doi:
10.1109/ISMSIT52890.2021.9604548.

B. R. Chang, H.-F. Tsai, and Y.-D. Lee,
“Integrated High-Performance Platform for Fast
Query Response in Big Data with Hive, Impala,
and SparkSQL: A Performance Evaluation,”
Applied Sciences, vol. 8, no. 9, p. 1514, Sep.
2018, doi: 10.3390/app8091514.

A. Herreros-Martinez, R. Magdalena-Benedicto,
J. Vila-Francés, A. J. Serrano-Lopez, S. Pérez-
Diaz, and J. J. Martinez-Herraiz, “Applied
Machine Learning to Anomaly Detection in
Enterprise Purchase Processes: A Hybrid
Approach Using Clustering and Isolation
Forest,” Information, vol. 16, no. 3, p. 177, Feb.
2025, doi: 10.3390/info16030177.

295, p.
doi:



Ashshidiq, M. F. & Fauzan, M. N.

[13]

[15]

[19]

M. Nalini, B. Yamini, C. Ambhika, and R. Siva
Subramanian,  “Enhancing early attack
detection: novel hybrid density-based isolation
forest for improved anomaly detection,”
International Journal of Machine Learning and
Cybernetics, vol. 16, no. 5-6, pp. 3429-3447,
Jun. 2025, doi: 10.1007/s13042-024-02460-5.

A. R. Fadillah and M. N. Fauzan, “Systematic
Literature Review: Identifying Key Variables
and Measuring Maximum Loan Limits,” Jurnal
ELTIKOM : Jurnal Teknik Elektro, Teknologi
Informasi dan Komputer, vol. 8, no. 2, pp. 100—

110, Dec. 2024, doi:
10.31961/eltikom.v8i2.1156.
S. Mishra, S. Konidala, and J. Manda,

“Improving the ETL process through declarative
transformation  languages ,”  Distributed
Learning and Broad Applications in Scientific
Research, vol. 5, Jun. 2019.

B. Oliveira, O. Oliveira, T. Matos, V. Santos,
and O. Belo, “AN ETL PATTERN FOR LOG
CONFIGURATION AND ANALYSIS,” in
Proceedings of the International Conferences
Big Data Analytics, Data Mining and
Computational Intelligence 2019, and Theory
and Practice in Modern Computing 2019,
IADIS Press, Jul. 2019, pp. 39-46. doi:
10.33965/bigdaci2019 201907L00S.

A. Herreros-Martinez, R. Magdalena-Benedicto,
J. Vila-Francés, A. J. Serrano-Lopez, S. Pérez-
Diaz, and J. J. Martinez-Herraiz, “Applied
Machine Learning to Anomaly Detection in
Enterprise Purchase Processes: A Hybrid
Approach Using Clustering and Isolation
Forest,” Information, vol. 16, no. 3, p. 177, Feb.
2025, doi: 10.3390/info16030177.

B. J. Wheeler and H. A. Karimi, “Enhancing
Hyperspectral Anomaly Detection Algorithm
Comparisons:  Leveraging  Dataset  and
Algorithm  Characteristics,” Remote Sens.
(Basel)., vol. 16, no. 20, p. 3879, Oct. 2024, doi:
10.3390/rs16203879.

A. Gautama Putrada, I. Dian Oktaviani, M.
Nurkamal Fauzan, and N. Alamsyah, “CNN
Pruning for Edge Computing-Based Corn
Disease Detection with a Novel NG-Mean
Accuracy Loss Optimization,” Telematika, vol.
17, no. 2, pp. 68-83, Aug. 2024, doi:
10.35671/telematika.v17i2.2899.

E. F. Agyemang, “Anomaly detection using
unsupervised machine learning algorithms: A

29

(21]

(22]

(24]

[25]

[26]

(28]

SisInfo Vol. 8 No. 1 (2026), 20-30

simulation study,” Sci. Afr., vol. 26, p. e02386,
Dec. 2024, doi: 10.1016/j.sciaf.2024.¢02386.

D. Sartor, T. Barbariol, and G. A. Susto,
“Bayesian active learning isolation forest (B-
ALIF): A weakly supervised strategy for
anomaly detection,” Eng. Appl. Artif. Intell., vol.
130, p. 107671, Apr. 2024, doi:
10.1016/j.engappai.2023.107671.

G. Hannak, G. Horvath, A. Kadar, and M. D.
Szalai, “<scp>Bilateral-Weighted</scp> Online
Adaptive Isolation Forest for anomaly detection
in streaming data,” Statistical Analysis and Data
Mining: The ASA Data Science Journal, vol. 16,
no. 3, pp. 215223, Jun. 2023, doi:
10.1002/sam.11612.

M. S. Hossain and H. Mahmood, “Short-Term
Load Forecasting Using an LSTM Neural
Network,” in 2020 IEEE Power and Energy
Conference at Illinois (PECI), IEEE, Feb. 2020,
pp- 1-6. doi:
10.1109/PECI48348.2020.9064654.

Y. Qiao, K. Wu, and P. Jin, “Efficient Anomaly
Detection for High-Dimensional Sensing Data
With One-Class Support Vector Machine,”
IEEE Trans. Knowl. Data Eng., vol. 35, no. 1,
pp- 404-417, Jan. 2023, doi:
10.1109/TKDE.2021.3077046.

J. C. Quiroz, T. Chard, Z. Sa, A. Ritchie, L.
Jorm, and B. Gallego, “Extract, transform, load
framework for the conversion of health
databases to OMOP,” PLoS One, vol. 17, no. 4,
p- €0266911, Apr. 2022, doi:
10.1371/journal.pone.0266911.

E. Widad, E. Saida, and Y. Gahi, “Quality
Anomaly  Detection  Using  Predictive
Techniques: An Extensive Big Data Quality
Framework for Reliable Data Analysis,” IEEE
Access, vol. 11, pp. 103306-103318, 2023, doi:
10.1109/ACCESS.2023.3317354.

T. Nguyen, H.-T. Nguyen, and T.-A. Nguyen-
Hoang, “Data quality management in big data:
Strategies, tools, and educational implications,”
J. Parallel Distrib. Comput., vol. 200, p.
105067, Jun. 2025, doi:
10.1016/j.jpdc.2025.105067.

F. F. Hasan and M. S. A. Bakar, “Data
Transformation from SQL to NoSQL MongoDB
Based on R Programming Language,” in 2021
Sth International Symposium on
Multidisciplinary — Studies and  Innovative
Technologies (ISMSIT), 1IEEE, Oct. 2021, pp.



Ashshidiq, M. F. & Fauzan, M. N.

[29]

[31]

399-403.
10.1109/ISMSIT52890.2021.9604548.
S. Alam, S. K. Sonbhadra, S. Agarwal, and P.
Nagabhushan, “One-class support vector
classifiers: A survey,” Knowl. Based. Syst., vol.
196, p. 105754, May 2020, doi:
10.1016/j.knosys.2020.105754.

Q. Yang and Y. Tang, “Big Data-based Human
Resource Performance Evaluation Model Using
Bayesian Network of Deep Learning,” Applied
Artificial Intelligence, vol. 37, no. 1, Dec. 2023,
doi: 10.1080/08839514.2023.2198897.

J. Awiti, “Algorithms and Architecture for
Managing Evolving ETL Workflows,” 2019, pp.
539-545. doi: 10.1007/978-3-030-30278-8 51.

doi:

30

[32]

SisInfo Vol. 8 No. 1 (2026), 20-30

D. Andriansyah, “Implementasi Extract-
Transform-Load (ETL) Data Warehouse
Laporan Harian Pool,” Jurnal Teknik

Informatika, vol. 8, no. 2, pp. 45-49, Aug. 2022,
doi: 10.51998/jti.v8i2.486.

M. Hendayun, E. Yulianto, J. F. Rusdi, A.
Setiawan, and B. Ilman, “Extract transform load
process in banking reporting system,”
MethodsX, vol. 8, p. 101260, 2021, doi:
10.1016/3.mex.2021.101260.



e-ISSN: 2655-867X
p-ISSN: 2655-8661
Volume 8 No. 1 February 2026

JURNAL SISTEM INFORMASI
DAN INFORMATIKA

Design and Implementation of a Web-Based Marketing Information System for Oil Palm
Midrib Products in the Kayu Raja Village Community

Riski, Muh Rasyid Ridha, Usman
Information Systems, Engineering and Computer Science, Universitas Islam Indragiri
Email: daenkrhiskyl 1@gmail.com; rasyid4sky@gmail.com; usmanovsky13411@gmail.com

Accepted: Accepted After Revision: Published:
23 February 2026 27 February 2026 27 February 2026
Abstract

The marketing of oil palm midrib products in Kayu Raja Village remains conventional, limiting market reach and sales
efficiency. While numerous studies have examined web-based marketing systems for general MSMEs, limited research
has addressed user-centered system design and evaluation for rural communities marketing agricultural by-products
such as oil palm midribs. This study aims to design, implement, and evaluate a web-based marketing information
system tailored to the characteristics of the Kayu Raja Village community. The research adopts the Software
Development Life Cycle (SDLC) using the Waterfall model, encompassing requirements analysis, UML-based system
design, implementation, and testing. System evaluation was conducted through black-box testing to assess functional
performance and user acceptance testing (UAT) to measure usability and user satisfaction. The findings indicate that
the developed system effectively provides product catalog management, online ordering, and structured transaction
data processing. User evaluation results demonstrate that the system is functional, user-friendly, and aligned with rural
user capabilities. The implementation contributes to expanding market access, improving marketing efficiency, and
strengthening the economic competitiveness of the village community.

Keywords: Marketing Information System, Web-Based Marketing, Rural MSMEs, Oil Palm Midrib, Marketing

Digitalization.

1 INTRODUCTION

The digitalization of marketing systems among
rural micro, small, and medium enterprises (MSMEs)
has become an important issue in Indonesia, particularly
in improving market access and data management
efficiency. In Indonesia, digitalization has become a key
catalyst in supporting the growth of the micro, small, and
medium enterprises (MSME) sector. According to data
from Statistics Indonesia (BPS) in 2024, approximately
64.2% of MSMEs have adopted digital technologies;
however, the majority remain concentrated in urban
areas. Meanwhile, rural MSME actors continue to lag
behind in technology adoption due to limitations in
infrastructure and digital literacy [1].

Kayu Raja Village is one of the rural areas with
economic potential derived from oil palm midrib
products, a by-product of oil palm leaves utilized as raw
material for broomsticks and other household items.
Based on field observations and interviews conducted in
this study, oil palm midrib processing represents a
recurring productive activity among local households
and contributes to the village’s small-scale economic
activities. These products have commercial value and
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relatively stable market demand. However, the
marketing of oil palm midrib products in Kayu Raja
Village is still conducted through traditional practices,
namely direct sales to collectors or local markets. Such
marketing patterns result in a very limited market reach,
and product prices tend to be determined by
intermediaries, thereby preventing the community from
achieving optimal income levels.

In addition to the limited market reach, the
community of Kayu Raja Village also lacks an integrated
marketing information system to manage product data,
promotion, and sales transactions. Sales recording
processes are still carried out manually, making it
difficult for business actors to monitor business
development and make strategic decisions. This
condition is consistent with previous findings indicating
that rural entrepreneurs generally face constraints in
utilizing digital technology due to limited knowledge
and inadequate supporting facilities [2].

These findings indicate that rural MSMEs face
multiple barriers in adopting digital marketing, including
limited digital literacy and infrastructure constraints [2].
While previous studies have widely examined digital
marketing adoption and its impact on MSME
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performance, limited attention has been given to the
development and evaluation of structured web-based
marketing information systems specifically tailored to
rural communities and agricultural by-product
commodities. In particular, research focusing on user-
oriented system design for small-scale rural enterprises
remains insufficient. Therefore, there is a need to design
and implement a marketing information system that
aligns with the operational characteristics and
technological capabilities of rural business actors. The
implementation of web-based marketing information
systems has been shown to enhance the effectiveness of
MSME product marketing. Research demonstrates that
the adoption of digital marketing significantly influences
the sustainable growth of MSMEs in Indonesia [3]. Web-
based systems enable business actors to display product
catalogs, update pricing information, and receive online
orders at relatively lower costs compared to
conventional marketing methods [2].

The limited understanding of the strategic value
of digitalization has led many micro-enterprises to
underutilize digital technologies in their marketing
activities. Previous studies indicate that digital
marketing plays a crucial role in promoting MSME
growth and sustainability. Further findings confirm that
the adoption of digital marketing significantly enhances
the sustainable growth of MSMEs in Indonesia [3].
Factors such as a positive attitude toward technology and
the intention to use digital marketing have been shown
to exert a direct impact on business growth.

The challenges faced by the Kayu Raja Village
community are not limited to the lack of digitalization
facilities but also include the absence of an integrated
marketing information system. The manual processes
involved in the sale of oil palm midrib products make it
difficult for the community to manage sales data,
promotions, and customer relationships. In fact, web-
based information systems can assist business actors in
expanding market networks and improving marketing
efficiency. Research indicates that the key success
factors of digital marketing among Indonesian MSMEs
lie in continuous training and mentoring [4]. With the
availability of a simple and easily accessible web-based
information system, rural communities can gain
practical understanding of effective digital marketing
strategies without relying on external parties.

Meanwhile, research and implementation of
web-based marketing systems have predominantly
focused on the food, beverage, and retail sectors,
whereas non-food agricultural by-product-based
commodities such as oil palm midribs have received
limited scholarly attention [5]. Moreover, many digital
systems are designed without adequately considering the
capabilities of rural users, making their sustained
implementation challenging. Therefore, there is a need
for a web-based marketing information system that is
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simple, user-friendly, and aligned with the
characteristics of the Kayu Raja Village community.
In addition to technological factors, government support
and the development of digital infrastructure also play a
crucial role. A study emphasizes that government digital
transformation programs must be accompanied by
efforts to enhance community digital literacy in order to
optimize infrastructure utilization [6]. Without local
innovations such as information systems tailored to
community needs, digitalization will not be
implemented effectively.

Accordingly, the author is motivated to conduct
research on the design and implementation of a web-
based marketing information system, given the high
urgency of this study. The development and
implementation of such a system are intended as a
solution to overcome the limitations of traditional
marketing practices currently employed in Kayu Raja
Village. From an academic perspective, this research
contributes to the advancement of the literature on the
utilization of information technology for rural
community economic empowerment. From a practical
standpoint, the resulting system is expected to assist the
Kayu Raja Village community in expanding market
reach, improving the efficiency of marketing data
management, and supporting increased income as well
as the economic independence of the rural community.

2 LITERATURE REVIEW

Previous studies have demonstrated that web-
based marketing information systems improve product
promotion, operational efficiency, and structured data
management among MSMEs [7]. These systems enable
real-time access to product and transaction information,
thereby enhancing business performance and expanding
promotional reach beyond geographical constraints.
Moreover, prior research emphasizes the importance of
applying structured system development methodologies,
particularly the Software Development Life Cycle
(SDLC), to ensure alignment between system design and
user requirements.

Despite these contributions, most studies
concentrate on general retail sectors or urban-based
enterprises, with limited attention to rural community
contexts. In addition, although digital marketing
adoption has been widely discussed, fewer studies focus
on the systematic design and evaluation of web-based
marketing information systems tailored to small-scale
rural enterprises, especially those operating in
agricultural by-product commodities.

From a marketing strategy perspective, the
integration of web-based systems with Customer
Relationship Management (CRM) approaches has been
shown to enhance customer engagement and
promotional effectiveness [8]. Similarly, digitalization
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in the agricultural sector contributes to improved
distribution efficiency and transaction processes[9].
However, these studies primarily emphasize marketing
outcomes rather than examining the suitability of system
design for users with limited technological capabilities
in rural areas. In terms of system development
approaches, various methodologies such as Waterfall,
Rapid Application Development (RAD), Object-
Oriented Design, and Software as a Service (SaaS) have
been applied in previous research [10]. While SaaS-
based models offer accessibility advantages for MSMEs,
comparative evaluations of development approaches in
rural village-level implementations remain limited.
Furthermore, empirical studies focusing specifically on
oil palm midrib product marketing within rural
communities are still underrepresented in the literature.
Therefore, this study addresses these gaps by designing,
implementing, and evaluating a web-based marketing
information system using the SDLC approach,
specifically tailored to the operational characteristics and
technological capabilities of the Kayu Raja Village
community.

3 RESEARCH METHODS

This study employs the Software Development
Life Cycle (SDLC) approach using the Waterfall model
in the design and implementation of a web-based
marketing information system for oil palm midrib
products for the Kayu Raja Village community. The
Waterfall model was selected because it provides
systematic and sequential development stages, in which
each phase must be completed before proceeding to the
next, thereby facilitating control and evaluation of the
system development process [11].

The Waterfall model is considered appropriate
for this research because system requirements were
clearly identified from the initial stage through
observation and interviews, and the system developed
has low to moderate complexity [12].

The research stages were conducted sequentially
in accordance with the Waterfall model, as follows:

1. Problem Identification and Data Collection

The initial stage aimed to understand the condition

of oil palm midrib product marketing, which is still

carried out traditionally. Data collection was
conducted through:

a. Observation, namely direct observation of
marketing processes and community sales
activities to obtain factual field data.

b. Interviews, conducted in a semi-structured
manner with business actors and village
officials to explore information regarding
marketing constraints and expected system
requirements [13].
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c. Literature review, by examining relevant
books and scientific journals related to
information systems, digital marketing, and
web-based system development as the
theoretical foundation of the study [14].

System Analysis

System analysis was carried out to transform
collected data into system requirements to be
developed. This analysis aimed to identify
problems in the existing system and formulate
more effective solutions for a new system [19]. The
system analysis includes:

a. Functional requirements, namely the main
system functions such as providing a product
catalog, enabling online product ordering, and
managing product and transaction data by the
admin [15].

b. Non-functional requirements, including
aspects of usability, data security, system
performance, interface  design, and
accessibility across various devices [16].

System Design

The system design stage aimed to translate system
requirements into technical and visual designs. The
design was conducted using Unified Modeling
Language (UML) to clearly model system structure
and workflow [17]. The UML diagrams used
include Use Case Diagrams, Activity Diagrams,
Sequence Diagrams, and Class Diagrams to ensure
that all functional system requirements were well
defined prior to implementation.

System Implementation

Implementation was carried out by applying the
design results into a web-based marketing
information system. The website was used as a
promotional medium by displaying product
information, prices, and ordering contacts. This
stage aimed to realize the system design into a
functional system that could be directly used by the
community [18].

System Testing

System testing was conducted using functional
testing to ensure that all system features operated
according to user requirements. The testing
involved the Kayu Raja Village community as
users to assess usability and clarity of information
provided by the system [19].

Evaluation and Maintenance

The evaluation stage was carried out to assess
system effectiveness based on testing results and
user feedback. System maintenance includes
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content updates, information corrections, and
ensuring continuous system accessibility for
sustainable use [20].

RESULTS AND DISCUSSION

System Design

Overview The development of the web-based
marketing information system employed the
Software Development Life Cycle (SDLC) using
the Waterfall model to ensure a structured and
systematic development process. Recent studies
emphasize that SDLC remains relevant for small-
scale information systems requiring clear
requirement definition and sequential development
stages [21]. Unified Modeling Language (UML)
was utilized to model system requirements through
Use Case, Activity, and Sequence Diagrams.
Contemporary research highlights that UML
modeling enhances requirement clarity and reduces
design ambiguity, particularly in community-based
system development projects [22].

System Implementation

The system was implemented as a web-based
application with two primary actors: administrator
and customer. Core functionalities include product
catalog management, online ordering, transaction
recording, and reporting. Recent studies confirm
that web-based marketing systems significantly
improve accessibility and real-time data
management for rural MSMEs, particularly in areas
with limited physical market access [23]. The use
of structured databases supports data consistency
and improves operational efficiency in small
enterprises transitioning from manual processes to
digital platforms [24]. The interface design
followed  usability-oriented  principles  to
accommodate users with limited digital literacy.
Current research indicates that simplicity, clarity,
and minimal navigation complexity are essential
for technology adoption in rural communities [25].

Functional Testing

Results Functional testing was conducted using the
black-box testing approach to verify system
compliance with predefined functional
requirements. Black-box testing continues to be
widely used in validating web-based systems due
to its effectiveness in assessing user-level
functionality [26]. Testing results demonstrated
that all  primary features  registration,
authentication, product management, ordering, and
reporting operated according to specifications. No
major functional errors were identified during
testing. These findings align with recent research
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indicating that structured validation processes
improve system reliability and user trust in newly
implemented digital platforms [22],[26].

D. Usability Evaluation

User Acceptance Testing (UAT) was conducted
through direct trials involving members of the
Kayu Raja Village community. Usability is defined
as the extent to which a system can be used
effectively, efficiently, and satisfactorily within a
specific context [27]. Based on user feedback, the
system was perceived as easy to understand and
operate. The digital catalog improved information
accessibility, and structured transaction records
reduced manual recording errors. Similar findings
have been reported in recent studies on rural
digitalization, where usability directly influences
technology adoption and sustained usage [28].

E. System Performance and Adoption Impact

From a performance perspective, the system
demonstrated stable functionality under small-
scale operational conditions. Data processing and
retrieval were executed without observable delays.
Research in recent years shows that even basic
web-based  systems  significantly  enhance
transparency and transaction efficiency in rural
enterprises [24] [28]. Before implementation,
marketing activities relied on intermediaries and
manual recording. After implementation, product
promotion became digitally accessible, and
transaction data were systematically managed.
Digital transformation studies published in the past
five years indicate that structured marketing
information systems contribute to improved
competitiveness, wider market reach, and increased
economic resilience among rural MSMEs [24]
[29].

Although long-term sustainability depends on
continuous digital literacy development, initial
adoption results in this study indicate positive
acceptance among local users. Based on the results
of the research on the implementation and testing
of the web-based marketing information system for
oil palm midrib products developed in this study,
the discussion is focused on the system’s functional
performance, its ease of use for the community, and
its contribution to supporting the digital expansion
of product marketing in Kayu Raja Village.

4.1  System Design

In this study, Unified Modeling Language (UML)
was employed to design the processes of the web-based
marketing information system for oil palm midrib
products, utilizing three types of diagrams, namely:
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1.

Use Case Diagram
Activity Diagram
Sequence Diagram

Use Case Diagram
The Use Case Diagram in this study illustrates the

interaction  between two  primary  actors
administrator and customer and the core
functionalities of the web-based marketing

information system. The administrator manages
product data, monitors transactions, and generates
sales reports, while the customer browses products
and places orders.

The structured separation of roles reflects the
transformation from informal and manual
marketing practices to a digitally managed
workflow. Clear role definition in system modeling
has been shown to improve requirement clarity and
reduce functional ambiguity in small-scale
information system development [30].

By explicitly defining system boundaries and actor
responsibilities, the use case model enhances
transaction transparency and strengthens data
accountability. Recent studies indicate that
structured digital workflows in rural MSMEs
contribute to improved operational control and
reduced reliance on intermediaries [31] [32].
Furthermore, aligning system functions with actual
business processes is critical in community-based
system implementation, particularly where users
possess limited technological familiarity [25].
Therefore, the use case design in this research not
only model’s system interaction but also serves as
a strategic foundation for supporting autonomous
digital marketing practices in Kayu Raja Village. In
this study, the system comprises two main actors,
namely:

a) Admin / Seller

Register

Log in to the system

Manage product data (add, edit, delete)
Manage orders and transactions

View sales reports

Log out

SNk =

b) User/Buyer (General Public)

1. Register

2. Log in to the system

3. View the product catalog and prices

4. Add desired products to the shopping cart
5. Purchase selected products

6

. Log out.
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Figure 1. Use Case Diagram

Activity Diagram

The Activity Diagram models the operational
workflow of the web-based marketing information
system, particularly in product data management,
promotional activities, and user interaction in
accessing and ordering products. The modeled
workflow begins from user authentication,
proceeds to product browsing and order
submission, and ends with transaction recording by
the administrator.

Rather than merely representing procedural steps,
the activity model formalizes previously informal
and unstructured marketing practices observed in
Kayu Raja Village. By translating manual
communication-based transactions into sequential
and logically controlled digital processes, the
system reduces operational ambiguity and
improves traceability.  Structured workflow
modeling has been shown to improve system
clarity, minimize implementation errors, and
enhance process control in small-scale information
systems [33]. In the context of rural MSMEs, clear
digital process mapping contributes to operational
efficiency and supports gradual digital adoption
[23]. Therefore, the Activity Diagram in this study
does not only describe system flow but also
represents the transformation of traditional
marketing mechanisms into a controlled and
accountable digital workflow. The processes
occurring within this system include the following:

A. Admin/ Seller Activity Diagram Process
a. The admin accesses the web-based
marketing information system page.
b. The admin logs in by entering a username
and password.
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B.

g.
h.

The system validates the login credentials.

a) If the data are valid, the system
displays the admin dashboard.

b) If the data are invalid, the system
displays an error message and
returns to the login page.

The admin manages oil palm midrib

products, including:

a) Add product data

b) Edit product data

¢) Delete product data

The system stores every data modification

in the database.

The admin  manages  marketing

information and system content.

The admin completes the activities and

logs out.

The system terminates the admin session.

User / Buyer Activity Diagram Process

a.

The buyer accesses the
information system website.

marketing

b. The system displays the main page.

The buyer views the list of 0il palm midrib
products.

The buyer selects a product to view
detailed information.

The system displays the product details
and marketing information.
The buyer obtains the
information.

The buyer exits or closes the website page.
The process ends.

required

1.
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Figure 2. Activity Diagram

Sequence Diagram

The Sequence Diagram in this study models the
transaction flow within the web-based marketing
information system, particularly during product
ordering and product data management processes.
The interaction begins when a user submits a
request through the interface, such as browsing
products or placing an order. The system processes
the request by validating the input data before
forwarding it to the application logic layer.

After validation, the system communicates with the
database to retrieve product information or to store
transaction records. The database integration
ensures that product data and transaction histories
are stored consistently and can be accessed in real
time. Once the database operation is completed, the
system generates a response that is returned to the
user interface, confirming the success or failure of
the transaction.

In the product management process, the
administrator submits product updates, which are
processed and synchronized directly with the
database. This structured interaction between the
user interface, application layer, and database
improves data integrity and reduces the risk of
logical inconsistencies. Recent studies emphasize
that interaction-based modeling enhances system
reliability by clearly defining message flow and
transactional dependencies in web-based systems
[34].  Furthermore,  structured  transaction
sequencing supports traceability and minimizes
implementation errors in small-scale information
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systems [23]. By formalizing transaction flow and
database integration, the Sequence Diagram in this
research contributes to improving operational
transparency and ensuring accountable digital
marketing processes within the rural enterprise
context.

The sequence diagram for product ordering
includes the following:

A. Objects Involved:
1. User
2. Web Server
3. Database
4. Admin

B. Process Flow:

1. The user opens the product catalog page
and sends a request to the server.

2. The server receives the request and
retrieves product data from the database.

3. The database returns the product data to
the server.

4. The server displays the product data to the
user.

5. The user selects a product and completes
the order form.

6. The server receives the order data from the
user and stores it in the database.

7. The admin logs into the system and
accesses the order data.

8. The system displays new order data to the
admin.

9. The admin updates the order status to
“processed.”

10. The server saves the updated order status
to the database.

11. The system sends a notification to the user
that the order has been received and is
being processed.

12. The sequence diagram process ends.
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User Database  Admin

This process indicates that the system operates in
real time, allowing administrators and users to be
interconnected through the web server.

With the application of UML based process design:

1. Researchers can ensure that every functional
requirement is represented in the system
design.

2. System documentation becomes clearer and
easier to understand for the development team
and other stakeholders.

3. The implementation phase becomes more
efficient because a structured workflow
reference is already available.

4. System testing is facilitated, as each scenario
has been modeled in UML.

4.2  System Design and Implementation

The web-based marketing information system
was implemented to operationalize the structured models
developed in the design phase. The system integrates a
web application layer with a relational database to
support product management, transaction processing,
and digital marketing activities.

Rather than merely providing an online interface,
the implemented system formalizes previously informal
marketing practices into a controlled digital
environment. The product catalog feature enables
structured presentation of product information, reducing
dependency on oral communication and intermediaries.
The ordering module supports systematic transaction
recording, ensuring that each purchase request is
validated, processed, and stored within the database.
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The integration between the application layer and
the database ensures data consistency and real-time
synchronization between product updates and user
access. This integration minimizes manual recording
errors and enhances traceability of transactions, which
was identified as a major limitation in traditional
practices. From an operational perspective, the
implementation demonstrates how structured web-based
systems can transform rural marketing mechanisms into
accountable digital processes. Similar findings have
been reported in recent studies on digital transformation
in rural MSMEs, where system integration improves
efficiency and market accessibility[35] [36].

Therefore, the implementation results do not
merely represent technical deployment but illustrate the
practical realization of digital process restructuring
within the Kayu Raja Village enterprise context.

A. User (Buyer) Implementation
The user component is designed to facilitate
prospective  buyers in  accessing product
information and placing orders online.
The following presents the implementation of
features on the user side:

Lex O 0

Masuk Akun

Figure 4. Login Page

Figure 4 illustrates the login page (“Account Sign
In”) of the oil palm midrib sales web application.
This page provides fields for username and
password, a Sign In button, and an option to
register a new account. It also offers login via third-
party accounts such as Google, Facebook, GitHub,
and Instagram. This page functions as the
authentication gateway for users (buyers and
sellers) before accessing the system.
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Figure 5. Account Registration Page (Register)

Figure 5 illustrates the account registration page
(“Create Account”) of the oil palm midrib sales
web application. This page functions to register
new users by providing input fields for username,
email, password, and password confirmation. A
“Register” button is available to save user data,
along with a Sign In link for users who already have
an account.
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Figure 6. Home Page (Dashboard)

Figure 6 illustrates the home page (dashboard) of
the oil palm midrib sales system, which is equipped
with a comprehensive navigation menu, including
product management, orders, reports, settings, and
messaging features. This page functions as the
central hub for control and information by
displaying a system welcome message and a list of
the latest products to support management and
transaction activities.

a% D O

Figure 7. Product Catalog Page
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Figure 7 presents the product catalog page of the oil
palm midrib sales system. Figure 4 illustrates the
implementation of the product catalog module,
which operationalizes structured product data
management and supports digital accessibility for
customers.

Keranjong Belanja

H“ =

Figure 8. Shopping Cart Page

Figure 8 illustrates the shopping cart page of the oil
palm midrib sales web application. This page
functions to display and manage items selected for
purchase, including product information, price,
quantity, subtotal, and total payment. It also
provides a shipping address form, courier and
payment method options, and a checkout button.
The page represents the transition from product

selection to the transaction process.

Lidh Sawit

Figure 9. Checkout Page

Figure 9 illustrates the checkout page of the oil
palm midrib sales system. This page is used to
complete the transaction process by providing a
shipping address form, courier and payment
method options, and an order summary displaying
the total cost and grand total.
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Figure 10. Order List Page

Figure 10 presents the order list page of the oil palm
midrib sales system. This page displays transaction
information in tabular form, including product,
quantity, subtotal, total payment, order status,
shipping address, payment method, and action
options. The interface enables systematic
monitoring and management of order progress.

Hubungi Admin

Figure 11. Contact Page (Contact Admin)

Figure 11 presents the contact page (“Contact
Admin”) of the oil palm midrib sales system. This
page provides a message submission form for users
as well as admin contact information, including
email, WhatsApp, and Instagram, accompanied by
a location map. This feature facilitates direct
communication and customer service within the

system.

Admin (Seller) Implementation

The admin component is used by business actors or
system administrators to manage product data and
process incoming orders. The following presents
the implementation results on the admin side:
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Figure 12. Dashboard Page (Admin)

Figure 12 presents the admin dashboard page for
order management in the oil palm midrib sales
system. This page displays detailed transaction
information, including product data, order quantity,
total payment, shipping address, payment method,
and order status that can be updated. This feature
functions as a systematic control mechanism for
managing the ordering process from the seller’s
perspective.

Figure 13. Product Management Page

Figure 13 presents the product management page
for the seller (admin) in the oil palm midrib sales
system. This page is used to add, edit, and delete
product data, which are displayed in a table
containing product name, price, image, and action
buttons.
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Figure 14. Order Report Page

Figure 14 presents the order report page of the oil
palm midrib sales system on the admin side. This
page provides data filtering features based on date
range, order status, and reporting period (daily,
weekly, monthly), and displays a summary of order
quantities in tabular form. This feature supports

systematic analysis of transaction performance.

Database Implementation

The database is used to store all information related
to the system, including product data, admin data,
buyer data, and order transaction data. The
database system is designed to ensure data security,
consistency, and integrity. The database is
implemented in MySQL and created through the
MySQL terminal in the Laragon environment.

5 CONCLUSION

This study developed and implemented a web-
based marketing information system for oil palm midrib
products to address the limitations of traditional
marketing practices in Kayu Raja Village. The system
was designed using the Software Development Life
Cycle (SDLC) with the Waterfall model, ensuring a
structured development process aligned with identified
user requirements. Based on functional testing using the
black-box method, all core features including product
management, online ordering, and transaction recording
operated according to system  specifications.
Furthermore, User Acceptance Testing (UAT)
conducted with community members indicated that the
system was perceived as easy to use and understandable,
particularly in accessing product information and
recording transactions.

The implementation results demonstrate that the
system successfully formalizes previously manual
marketing processes into a structured digital workflow
supported by database integration. This transition
improves transaction traceability and data organization
under small-scale operational conditions. Although
long-term impact measurement requires further
observation, initial adoption results indicate positive
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user acceptance within the rural community context.
Therefore, this research contributes not only practically
through system deployment but also academically by
demonstrating the applicability of structured web-based
marketing systems in supporting digital transformation

initiatives for rural micro-enterprises.
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Abstract

Vidio is a local streaming platform that dominates the Indonesian market, but still faces challenges in improving user
satisfaction as reflected by its 3.5 rating. To enhance the application, user experience insights are needed, which can
be identified through sentiment analysis. This study aims to analyze the sentiment of Vidio application user reviews
and compare the performance of the Support Vector Machine model using Chi-Square and Information Gain feature
selection. The dataset comprises 4,670 reviews collected from July 01 to November 30, 2024. Model evaluation
utilizes Balanced Accuracy metrics optimized through hyperparameter tuning to ensure fair assessment on imbalanced
data. The experimental results demonstrate that Chi-Square feature selection yields the optimal performance, achieving
a peak Balanced Accuracy of 94.78%. Significantly, this result was attained using a computationally efficient Linear
Kernel (C = 1). In contrast, the Information Gain method yielded a lower Balanced Accuracy of 94.20% despite
utilizing a complex Polynomial Kernel (C=1,r = —1,p = 3,y = 0.1). These findings conclude that Chi-Square
provides a superior trade-off between classification accuracy and model complexity, offering a more robust solution

for sentiment analysis.

Keywords: Sentiment Analysis, Support Vector Machine, Chi-Square, Information Gain, Vidio.

1 INTRODUCTION

According to [1], the number of video streaming
application user in Indonesia continues to increase,
reflecting the growing role of streaming platforms in
digital life. The local platform that dominates this market
in Indonesia is Vidio [2]. The Vidio application has a
rating of 3.5 from approximately 670 thousand users,
indicating the need for further analysis to identify
aspects that require improvement. To process a large
volume of reviews, sentiment analysis is conducted to
classify user reviews and identify complaint patterns as
well as frequently highlighted negative aspects.

According to [3], classification using the Support
Vector Machine (SVM) method is more accurate than
other classifiers, performs well on nonlinear data, and
has a low risk of overfitting. Machine learning methods
can be combined with feature selection to reduce the
number of features and improve model accuracy. A
comparison of Chi-Square, Information Gain, and
Principal Component Analysis feature selection methods
found that Chi-Square and Information Gain achieved

Publishing services by BPPM UNIBI

the highest scores [4]. The performance of the SVM
model is influenced by  hyperparameters.
Hyperparameter tuning such as kernel function (k),
regularization constant (C), gamma (y), and polynomial
degree (p) can improve SVM performance [5].

Sentiment analysis research on the Vidio
application has been conducted previously. Applied the
KNN method and obtained 70% accuracy through
manual calculation and 50% accuracy using RapidMiner
tools [6]. Decision Tree method and achieved the best
accuracy of 97.3% with an 80:20 data split ratio [7].
Applied KNN and Naive Bayes Classifier (NBC),
showing that KNN performed better with an accuracy of
93%, recall of 88%, precision of 93%, and F1-Score of
90% compared to NBC with an accuracy of 81%, recall
of 91%, precision of 81%, and F1-Score of 86% [8].

In previous sentiment analysis studies on the
Vidio application, the review data used was imbalanced.
To address this issue, the most appropriate evaluation
metric is balanced accuracy [9]. However, balanced
accuracy results have not been presented, and feature
selection has not been applied, meaning all features were

This is an open access article under the CC-BY-SA license (https://creativecommons.org/licenses/by-sa/4.0/)
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used without considering their relevance to model
performance. Therefore, this study applies the SVM
classification method and feature selection by comparing
the Chi-Square and Information Gain feature selection
methods on Vidio wuser reviews. In addition,
hyperparameter tuning based on balanced accuracy is
performed using Grid Search to improve model
performance.

2 LITERATURE REVIEW
2.1 Feature Selection

Feature selection is a machine learning technique
used to select the minimum number of features required
to represent data accurately, making computation more
efficient. The use of relevant feature selection can

SisInfo Vol. 8 No. 1 (2026), 43-51

improve accuracy, shorten the machine learning process
by reducing dimensionality and removing noise, and
produce simpler concepts [8]. In this study, a comparison
of feature selection effectiveness is conducted. The
feature selection methods compared for sentiment
analysis are Chi-Square and Information Gain as
individual feature selection techniques.

2.1.1 Chi-Square Feature Selection

According [10], Chi-Square feature selection
aims to select features using Chi-Square statistical
values to measure the dependency between words and
their classes. The Chi-Square test function for a word
against a category is determined using equation (1) [11],

N(ACkDCk_CCkBCk)Z

X2 (tu' Ck) = (

where t,, is the u-th word, c; is the k-th class, K is the
number of classes, and N is the number of training
documents. Meanwhile, A, is the number of documents
in class ¢ containing t,,, B, is the number of documents
not in class ¢, containing t,, C is the number of
documents I class ¢, not containing t,, and D, is the
number of documents not in class ¢, not containing t,,.

The single Chi-Square value of a word is obtained
by summing the Chi-Square values of the word across all
K classes using equation (2):

X2 (ty) = Xk=1 X2 (tw i) ()

2.1.2 Information Gain Feature Selection

H(Cltu) = Zaevalues tu(P(a)(_ Z£=1 P(Ckla) 10g2 P(Ckla)))s

where a is the value of ¢t,, P(a) is the probability of
value a for attribute A, and P(c;|a) is the probability of
class ¢, given value a.

After obtaining entropy values, Information Gain for the
u-th word can be calculated using equation (5):

IG(tu) ZH(C)_H(Cltu)‘ (5
2.2 Word Representation Using TF-IDF
Word  representation is  performed by

transforming textual data into vectors so that it can be
processed by machine learning models. [13] stated that
Term Frequency—Inverse Document Frequency (TF-
IDF) is a feature extraction method in which word
frequencies are recalculated by considering how

Ack+C5k)(BCk+DCk)(Ack+BCk)(Cck+D’3k),
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(1)

Information Gain feature selection identifies
features that contain the most information based on a
particular class. The best attribute is determined by
calculating entropy. Entropy measures class uncertainty
using the probability of occurrence of certain events or
attributes. The entropy function before observing
attribute A within classification classes is obtained using
equation (3) [12]:

H(C) = = X1 P(ci) logz P(cy), 3)
where the ¢y, is the k-th class, K is the number of classes,
and P(cy) is the probability of class cy.

The entropy function after observing the u-th
word is obtained using equation (4):

(4)

frequently those words appear across all documents. TF-
IDF is obtained using the following equations:

ng.
TF(ty, dp) = 4, (©6)
N
IDF(t,) = log FTORIER (7
TF-IDF(t,, d;) = TF(t,, d;) X IDF(t,),  (8)

where ng, ¢, is the number of occurrences of the u-th
word in the i-th document, Ny, is the total number of
words in the i-th document, and df (t,,) is the number of
documents containing the u-th word. The resulting TF-
IDF vector is then normalized using the Euclidean norm
as shown in equation (9):
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TF-IDF (ty,d;)

where u = 1,2,3, ..., m.
The resulting TF-IDF vector is then used as input
for the Support Vector Machine classification method.

2.3  Word Representation Using TF-IDF

Support Vector Machine is a statistical method
used for classification. SVM is a supervised learning
method that analyzes data and recognizes patterns, used
for classification and regression analysis [14].
According to [15], SVM aims to find the optimal
separating function (hyperplane) that divides one class
from another. The optimal hyperplane is determined by
maximizing the distance (margin) between the
hyperplane and the nearest data points (support vectors)
from each class. The components of SVM include the
optimal hyperplane, positive class hyperplane, negative
class hyperplane, and margin.

The optimal hyperplane is defined in equation
(10) [16]:

(w-x)+b=0, (10)
where X is the input data vector, w is the weight vector,
and b is a scalar bias term.

The nearest point from the positive class (positive
hyperplane) is defined as:

w-'x;,)+b=1, (11)
where Xx;, is the positive support vector

The nearest point from the negative class
(negative hyperplane) is defined as:

b
\/TF—IDF(tl,di)Z+TF—IDF(t2,di)2+---+TF-lDF(tm,di)2

(W-xi4) — (W-x;) _

)

w-x;_)+b=-1, (12)
where x;_ is the negative support vector.

According to [17], for all data i, the negative
hyperplane can be formulated as:

(w-x;)+b< -1, (13)
and the positive hyperplane can be formulated as:
w-x;)+b=1. (14)

From equation (13) and (14), equation (15) is

obtained:

yilw-x)+b] =1 (15)
where y; is the label of the i-th document, x; is the i-th
input vector from x, and X; € R", y; € {—1,+1} fori =
1,2,..,N.

The distance between the two hyperplanes
(margin) is obtained by calculating the projection length
of the difference between the support vectors of each
class onto the vector w as shown in equation (16):

P =T Cir = %), (16)

Substituting equation (11) and (12) into equation (16),
we obtain:

1-b—(-1-b)| 2

p= |'(Xi+—Xi—)=

W
|Iwl |Iwl|

Thus, the margin p is:

2

p =m- (18)

The
maximizing Tl which is equivalent to minimizing
w

largest margin can be obtained by

||W||. The problem of finding the hyperplane with the
largest margin can be formulated as a quadratic
programming problem in equation (19):
S 1 2
minimize > | [w] |

(19)
yi[(w-x;) +b] = 1,Vi.

subject to
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In practice, two classification classes cannot
always be perfectly separated. As a result, an optimal
hyperplane cannot always be found. To overcome this,
SVM is designed using the soft-margin technique.
According to [18], the constraint function is modified by
adding a slack variable (&;) as follows:

yil(w-x;) +b] 21§, Vi. (20)

To minimize the slack ¢§; variables, a

regularization parameter C is introduced to control

tolerance for misclassification errors. Thus, equation
(19) becomes:
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where C > 0.

minimize —||W|| +C Zfl A larger value of C gives a larger penalty for
(21)  classification errors.
subi yil(w-x;) + b] > 1 =&, Vi The optimization problem in equation (21) can be
ubject to . .
& > 0,Vi, solved using the Lagrange Multiplier method:
1 N N N
2

Lw b, &0 B) =5 [WI +C D &= ) aOilw-x) +bl = 1+§) = ) B 22)

i=1 i=1 i=1
where a; and f5; are Lagrange multipliers. The optimal f)=w-x+b. 29)

values of the multipliers are obtained by partially
differentiating L with respect to w, b, and ¢ and setting Substituting equation (23) into equation (29):

them equal to zero, resulting in:
N

N FO) = Z @ yiX; X+ b. (30)
W= @y, (23)
- The classification class is determined as:
a;y; =0, (24)
i=1 N
N N +1, ZaiYin'X+b20
C=Za-+z § (25) , 4
2,5+ P sign(F9 =1 5 G1)
-1, Zaiyixi -x+ b <0.
i=1

Substituting equation (23), (24), dan (25) into

equation (22) yields: In real-world applications, datasets are not
N always linearly separable. To solve nonlinear problems,

SVM is modified using kernel functions. This approach

L(e) = Z a; = 2 Z aia;yiyj (Xl XJ) (26) is known as the kernel trick. Data is transformed into a
=1 bj=t space where it can be separated linearly. The kernel trick

maps low-dimensional nonlinear data into a higher-
dimensional space [19].

In nonlinear SVM, input data x is first mapped
using ®(x) into a higher-dimensional vector space so
that the classes can be separated linearly by a hyperplane

Equation (26) is used to find the best hyperplane
by transforming it into a maximization problem to
determine «;. The problem is solved using the Sequential
Minimal Optimization (SMO) heuristic method:

[20]:
maximize Z a—= Z Q; a])’l)’}(xl XJ) ®:RY > RY,d<q
e (27) X = O(x). ©2)
subject to Z a;y; =0,Vvi With this mapping, the equations for w and b
i=1 :
0<a <Cvi become:
After obtaining a; values, equation (23) is used to - Z V. D(x:
compute w. To obtain b, equations (11) and (12) can be W= Vi® ) G
rewritten as: bs =y, — wT d(xy). (34)
b =y, — wT Xs, (28)

The SVM learning process depends on the dot
product ®(x;) - ®(x;). Based on Mercer’s theorem,

where by is the bias term for the support vector and y; is this can be replaced with a kernel function K (x;,x,):

the support vector label.

After obtaining w and b, the input vector x can be
classified using: K(xi,%) = ®(x) - 2(x;). (33)
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Thus, equation (27) becomes:
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Classification of input data becomes:

N
- R F(O) = z a;yK (%, %) + b. (37)
maximize Z a; — > al-ajyiyjK(xi,xj). (36) =
i=1 ij=1 The classification result is:
N
+1, Z a;yiK(xi,x;) +b =0
sign (f(e(x)) = = (38)
_1, ZaiyiK(Xi,Xj) +b <0.
i=1
where N is the number of support vectors. {ﬁ, %' 1,10,100}), polynomial  degree (p €

Commonly used kernel functions are shown in Table 1.

Table 1. Kernel Functions [16]

Kernel Name K(x;,X;)

Linear D(x;) - P(x;)

(y ((D(Xi) . cD(xj)) + r)p
exp (—y ||(I)(xi) — Cb(xj)”z)

Polynomial

Gaussian Radial
Basis Function

(RBF)
Sigmoid tanh (y (Cb(xi) . CD(x]-)) + r)
24 Model Performance Evaluation

Model performance evaluation in this study uses
the balanced accuracy metric. Balanced accuracy is used
to evaluate how well the model predicts binary classes
[21]. Balanced accuracy is calculated as:

( TP + TF
TP+FN TN+ FP

) 69

1
Balanced Accuracy = E

where TP is the number of positive samples correctly
predicted as positive, TN is the number of negative
samples correctly predicted as negative, FP is the
number of negative samples incorrectly predicted as
positive, and FN is the number of positive samples
incorrectly predicted as negative. In addition to balanced
accuracy, accuracy, precision, recall, and F1-score are
also calculated to complement model evaluation.

2.5 Model Performance Evaluation

Hyperparameter tuning is conducted to improve
SVM model performance. This study uses Grid Search
to identify the optimal hyperparameter combination. The
hyperparameters used include kernel type (linear,
polynomial, Gaussian RBF, sigmoid), regularization

(€ € (=,=,1,10,100}), gamma (y €

100° 10

constant
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{2,3,4,5}), and offset parameter (r € {—1,0,1}).

3
31

RESEARCH METHODS
Data

The data collected in this study consists of Vidio
application reviews obtained from Google Play Store
between July 1, 2024 and November 30, 2024. Data
collection was conducted through web scraping using
Python with the google-play-scraper library, resulting in
a total of 4,670 reviews.

The Vidio reviews were manually labeled as
positive or negative. To reduce subjective judgment,
labeling was conducted by three individuals who
reviewed each entry one by one. Reviews were only
labeled as positive or negative because neutral sentiment
is difficult to determine. Labeling was based on the
intent and meaning of the review, and ratings were also
considered when there was uncertainty in determining
the sentiment label.

3.2  Text Preprocessing

Text preprocessing applied to the Vidio review
dataset includes case folding to convert all uppercase
letters to lowercase, punctuation removal to eliminate all
non-alphabetic characters, normalization to convert
informal words into standard forms, tokenization to split
text into smaller units, stemming to extract root words,
and stopwords removal to eliminate less meaningful
words.

3.3  Data Splitting

In this step, the dataset is partitioned into two
subsets: training data and testing data with an 80% and
20% ratio, respectively.
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3.4  Feature Selection
3.4.1 Chi-Square Feature Selection

Chi-Square feature selection applied to training
data to reduce less relevant features across all documents.
This process selects words that best represent the dataset
by testing the independence of each term with its class.
The best features are determined by calculating Chi-
Square values for each word using equations (1) and (2).

3.4.2 Information Gain Feature Selection

Information Gain feature selection is applied to
the training data to reduce less relevant features across all
documents. The best features are determined by
calculating the Information Gain value for each word
using equations (3) through (5).

3.5 Word Representation Using TF-IDF

One of the most widely used word representation
methods is TF-IDF. TF-IDF is used to measure the
relative importance of a word in a document. Word
representation is applied to the training data after the
feature selection stage. Each word must be transformed
into a numeric vector so that it can be processed by the
classification model. TF-IDF vector calculation is
performed using equations (6) through (9).

3.6  Classification Using Support Vector Machine

The
TF'IDFnorm (tlr dl)

TF'IDFnorm (t2: dl)

TF-IDF, o (t,, d;) =

vector obtained from the training

TF'IDFnorm(tm' dl)
data used as the input vector for the SVM classification
model. The SVM method aims to find the best
hyperplane that separates two data classes with
maximum margin. The hyperplane determined by
calculating w using (33) and b using (34).

3.7  Determining the Class of Testing Data

The class of the testing data is determined by
substituting the testing input vectors into the sign
function in equation (37), and the class is determined
using equation (38). Testing data must also undergo text
preprocessing and feature selection before being
transformed into TF-IDF vectors.

3.8 Model Performance Evaluation

Model performance evaluation is carried out by
calculating performance metrics. For imbalanced data,
model evaluation uses balanced accuracy as defined in
equation (39). Afterward, hyperparameter tuning is
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conducted to improve the performance of the existing
SVM model.

4 RESULTS AND DISCUSSION
4.1 Data

The dataset used in this study consists of Vidio
application reviews collected from Google Play Store
between July 1, 2024 and November 30, 2024, totaling
4,670 reviews. The collected data was labeled based on
sentiment into positive or negative categories. Of the
4,670 reviews, 3,431 reviews (73.5%) were labeled as
negative sentiment, while 1,239 reviews (26.5%) were
labeled as positive sentiment. This indicates that the
dataset is imbalanced. Sample data is shown in Table 2.

Table 2. Sample User Review Data of the Vidio

Application
Reviews Sentiment
Kebanyakan iklan §? ¢ Negative
Mantap Positive
Download ini untuk nonton byon 4 Positive
®
Beli Paket Byon Combat Vol.4 Ga Negative

bisa di tonton , kocak

4.2  Text Preprocessing

Text preprocessing was applied to the labeled
dataset. The preprocessing steps included case folding to
convert uppercase letters into lowercase, punctuation
removal to remove non-alphabetic characters,
normalization to convert informal words into standard
forms, tokenization to split text into smaller units,
stemming to extract root words, and stopword removal
to remove less meaningful words. Reviews that
contained only stopwords or non-alphabetic characters
became empty and were removed, reducing the number
of reviews to 4,584. Samples of preprocessing results are
shown in Table 3.

Table 3. Sample Results of Text Preprocessing for
Vidio Application Reviews

Reviews Text . Sentiment
Preprocessing

Kebanyakan 'iklan’ Negative
iklan @A G4
Mantap 'mantap’ Positive
Download ini 'download', Positive
untuk nonton 'tonton', 'byon'
byon 4 &
Beli Paket Byon ‘'beli', 'paket’, Negative
Combat Vol.4 Ga 'byon', 'combat',
bisa di tonton , 'volume', ‘'tidak’,

kocak 'tonton', 'kocak’
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4.3  Data Splitting

The data was divided into 80% training data
(3,667 reviews) and 20% testing data (917 reviews).

4.4  Feature Selection
4.4.1 Chi-Square Feature Selection

Chi-Square feature selection was performed on
the training data using equations (1) and (2). Sample
results of Chi-Square values for each word are presented
in Table 4.

Table 4. Sample Single Chi-Square Values for Each
Word in Vidio Application Reviews

ty X2 (ty)
tidak 1.282,747
bagus 678,6296
mantap 578,9626
broadcast 0,001989
bicara 0,001989

From Table 4, the words with the highest Chi-
Square values are “tidak”, “bagus”, and ‘“mantap”,
indicating that these words are the most effective for
determining classification classes. Meanwhile, the
words with the lowest Chi-Square values are “cerita”,
“broadcast,” and “bicara”, indicating that these words
are less representative for determining classification
classes.

4.4.2 Information Gain Feature Selection

SisInfo Vol. 8 No. 1 (2026), 43-51

Information Gain feature selection was
performed on the training data using equations (3), (4),
and (5). Sample results of Information Gain values for
each word are shown in Table 5.

Table 5. Sample Information Gain Values for Each
Word in Vidio Application Reviews

t, 1G(t,)
tidak 0,1064
langgan 0,041977
bagus 0,040818
broadcast 1,36x 1077
bicara 1,36x 1077

From Table 5, the words with the highest
Information Gain values are “tidak”, “langgan”, and
“bagus”, indicating that these words are the most
effective for determining classification classes. The
words with the lowest Information Gain values are
“broadcast” and “bicara”, indicating that these words are
less representative for classification.

4.5  Classification Using Support Vector Machine

The testing dataset consists of 917 reviews. The
training dataset that has undergone text preprocessing,
feature selection, and TF-IDF word representation
produces input vectors X for the SVM classification
method. The default model performance results for each
feature selection method are shown in Table 6.

Table 6. Default Performance Results of Vidio Application Reviews for Each Feature Selection Method

Feature Selection  Accuracy  Precision _ Recall F1-Score Balanced accuracy
Chi-Square 94,77% 92,67% 93,63%  93,13% 93,63%
Information Gain 93,02% 92,64% 88,44%  90,28% 88,44%

Hyperparameter tuning was then performed on
C,7,p,y, and kernel parameters defined by the

researcher. The best model performance results for each
feature selection method are presented in Table 7.

Table 7. Best Performance Results of Vidio Application Reviews for Each Feature Selection Method

Feature Selection Best parameter ~ Accuracy  Precision  Recall  F1-Score Balanced
accuracy
. Linear
Chi-Square C=1 95,2% 92,88% 94,78%  93,78% 94,78%
Polynomial
Information Gain c=10,r=1, 94,33% 91,49% 94,2% 92,72% 94,2%
p=3y=01

Based on the balanced accuracy metric in Table
7, the best model performance was achieved using Chi-

Square feature selection with a balanced accuracy of

94.78%, using a linear kernel and hyperparameter C =

1. In contrast, the Information Gain method yielded a
slightly lower Balanced Accuracy of 94.20%. Notably,
this method required a much more complex
configuration to reach its peak performance, utilizing



Sinambela, V. M. et al.

a Polynomial Kernel with parameters C = 10, r =1,
p =3, and y = 0,1. The comparison highlights that
Chi-Square not only outperforms Information Gain in
accuracy but does so with a significantly simpler model
architecture.
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4.6  Sentiment Analysis Results of Vidio

Application Reviews

The classification results of the testing data using
the best tuned model are shown in Table 8.

Table 8. Classification Results of Vidio Application Review Testing Data After Hyperparameter Tuning

Reviews

Actual Sentiment Prediction Sentiment

Top markotop dah

Download krn pngen nnton zona merah.. tp trnyata
lemotnya bukan maen...

Aplikasinya bagus Cukup menghibur.

Positive Positive
Negative Negative
Positive Positive

Based on sentiment analysis results of Vidio user
reviews, it was found that out of 917 reviews, 670
reviews (73.06%) were classified as negative sentiment,
while 247 reviews (26.94%) were classified as positive
sentiment.

The classification performance comparison
between SVM with Chi-Square feature selection and
SVM with Information Gain feature selection shows a
difference in balanced accuracy. SVM with Chi-Square
feature selection achieved a slightly higher balanced
accuracy of 94.78% compared to SVM with Information
Gain feature selection which achieved 94.2%. Although
the difference in peak Balanced Accuracy is 0.58%
(94.78% vs 94.20%), the practical significance of the
proposed method lies in its computational efficiency.

5 CONCLUSION

Based on the results and discussion in this study,
the following conclusions can be drawn:

1. Sentiment analysis results of Vidio application user
reviews using SVM classification with Chi-Square
feature selection produced 73.06% negative
sentiment and 26.94% positive sentiment.
Meanwhile, using Information Gain feature
selection produced 72.19% negative sentiment and
27.81% positive sentiment.

2. The Chi-Square method demonstrated superior
stability compared to Information Gain. In
the default SVM mode (without hyperparameter
tuning), Chi-Square achieved a baseline Balanced
Accuracy of 93.63%, significantly outperforming
Information Gain, which only reached 88.44%.
This 5.19% gap indicates that features selected by
Chi-Square are fundamentally more separable and
less dependent on complex parameter optimization.

3. Through hyperparameter tuning, the SVM model
based on Chi-Square proved to be the optimal
approach, achieving the highest Balanced
Accuracy of 94.78%. Crucially, this peak
performance was attained using a computationally
efficient Linear Kernel (C = 1). In contrast, the
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Information Gain method yielded a lower Balanced
Accuracy of 94.20% despite requiring a complex
Polynomial Kernel (C =10, r=1, p=3, y =
0,1) to converge. This confirms that the proposed
method offers a superior trade-off between
accuracy and computational cost.

For future research, deep learning classification
methods such as Recurrent Neural Networks (RNN),
Long Short-Term Memory (LSTM), Bidirectional Gated
Recurrent Unit (Bi-GRU), and others may be applied.
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Abstract

Stock price prediction remains an intriguing task due to the high volatility and complex temporal dependencies present
in financial time-series data. Accurate prediction of the highest stock price is particularly important for investors
seeking to identify market peaks and optimize trading strategies. This study investigates the effectiveness of Long
Short-Term Memory (LSTM) networks in forecasting DELL’s highest stock price by analyzing the impact of different
activation functions. Historical stock price data from 2016 to 2024 were used, and several preprocessing techniques,
including data normalization and chronological train-test splitting, were applied. The LSTM models were trained for
100 epochs and evaluated using Root Mean Square Error (RMSE), Mean Squared Error (MSE), and Mean Absolute
Error (MAE). The main contribution of this research is a comparative analysis of the sensitivity of LSTM prediction
performance to different activation functions, namely ReLU, ELU, Sigmoid, and Tanh, in the context of high-volatility
financial time-series data. The experimental results show that the LSTM model using the ReLU activation function
achieved the best performance, with an RMSE of 0.557942, MSE of 0.311300, and MAE of 0.338773, outperforming
the other activation functions. These findings demonstrate that activation function selection significantly influences
LSTM forecasting performance. The results provide practical insights for financial analysts and investors in selecting
appropriate deep learning configurations for more reliable stock price prediction.

Keywords: Long Short-Term Memory (LSTM), stock price prediction, activation functions, ReLU, financial
forecasting

dependencies and non-linear relationships inherent in
stock price movements. [8], [9]. Thus, there is a need for

1 INTRODUCTION

The stock market plays a crucial role in the global
economy, serving as a barometer of companies’ financial
health and influencing investment decisions. [1]. Among
the numerous factors that drive stock market activity,
stock price prediction remains a critical area of interest
[2]. Investors rely on accurate stock price predictions to
make informed decisions that maximize returns and
minimize risk. [3]. However, predicting stock prices is
inherently complex due to the wvolatility and
unpredictability of financial markets, which are
influenced by a myriad of factors such as economic
conditions, company performance, and market sentiment.
[4], [5]-

In particular, predicting the highest price of a
stock, such as DELL’s, is challenging. [6]. The highest
price often represents the peak value within a trading
period, which is crucial for investors aiming to capitalize
on short-term price fluctuations. [7]. Traditional
forecasting methods often fail to account for the temporal
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more advanced methodologies capable of capturing these
complex patterns to improve prediction accuracy. [10].

The primary challenge in predicting stock prices
lies in the inherent complexity of financial data. [11].
Stock prices are influenced by numerous external factors,
including market sentiment, economic indicators, and
geopolitical events, making them highly volatile and
complex to predict [12]. Furthermore, the stock price data
itself often exhibits non-linear behavior and temporal
dependencies, which traditional models such as linear
regression or time-series forecasting methods struggle to
capture effectively. [13].

Additionally, choosing the appropriate model and
optimization techniques remains a significant hurdle.
While machine learning models, such as Long Short-
Term Memory (LSTM) networks, have shown promise
in handling sequential data, such as time series, their
performance can vary with configuration, including the
selection of activation functions [14]. The challenge of

This is an open access article under the CC-BY-SA license (https://creativecommons.org/licenses/by-sa/4.0/)
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selecting the optimal activation function to improve the
model’s predictive accuracy further complicates the
application of LSTMs to stock price prediction [15].

Despite the growing adoption of Long Short Term
Memory (LSTM) models in stock price forecasting,
relatively limited attention has been given to the role of
activation functions in influencing the predictive
performance of these models. Most active studies chiefly
focus on optimizing hyperparameters such as the number
of layers, hidden units, learning rates, and dropout rates
to improve forecasting accuracy. However, the selection
of activation functions an essential component that
determines how neural networks learn complex nonlinear
relationships has not been systematically examined in the
context of financial time series prediction. This limitation
is peculiarly pertinent in extremely unstable markets,
where the ability of the model to capture intense price
fluctuations is critical. Consequently, there remains a
research gap in understanding how different activation
functions influence the learning dynamics and prediction
accuracy of LSTM models for stock price forecasting,
peculiarly for predicting peak stock prices in singular
companies such as DELL.

This research aims to tackle these challenges by
applying an LSTM model to predict DELL’s highest
stock price, using historical price data from 2016 to
2024. Specifically, the study aims to evaluate the
performance of the LSTM model with various activation
functions to determine which yields the highest
prediction accuracy. The evaluation will be based on key
metrics including Root Mean Square Error (RMSE),
Mean Squared Error (MSE), and Mean Absolute Error
(MAE). Furthermore, the research will provide practical
insights for investors on leveraging the optimized model
to enhance decision-making in stock price predictions,
ultimately helping them maximize returns and mitigate
financial risks. This research not only advances deep
learning techniques for financial forecasting but also
provides valuable tools for investors to navigate the
complexities of stock price prediction in a volatile
market.

2 LITERATURE REVIEW

Stock price prediction has been a significant area
of research due to its complexity and importance in
financial decision-making. Numerous studies have
applied Long Short-Term Memory (LSTM) networks to
forecast stock prices, demonstrating the model’s ability
to capture temporal dependencies in financial data.
However, the effect of different activation functions on
the performance of LSTM models in predicting stock
prices, particularly for individual stocks such as DELL,
has not been widely explored.

M. Kumaresan et al. (2023) explored the use of
LSTM for stock price prediction. However, they focused
primarily on hyperparameters such as batch size, learning
rate, and the number of hidden layers, without delving
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into the impact of activation functions [16]. Their
research found that the LSTM performed well overall.
However, they did not assess how different activation
functions might affect the model’s ability to predict the
highest stock prices of companies like DELL. Further
studies are required to understand how activation
functions influence model performance in such contexts.

Similarly, Zian Wang (2024) compared LSTM
with ARIMA for stock price forecasting and highlighted
LSTM’s advantages, including a 92% reduction in error
rates. [17]. However, like the previous study, it did not
consider the effects of activation functions on model
performance. Instead, the research focused on the general
applicability of LSTMs across multiple stocks, such as
the S&P 500. However, it did not provide insights into
how activation functions specifically impact the accuracy
of DELL stock price predictions.

Jaya Bharathi M et al. (2024) proposed an
advanced LSTM model for stock price forecasting, which
achieved a high accuracy rate of 92% [18]. However, this
research focused more on optimizing the overall
architecture of the LSTM model and integrating
Explainable Al (XAI) techniques, rather than examining
the role of different activation functions in the LSTM
model. The study did not explore how activation
functions such as ReLU, ELU, Sigmoid, or Tanh could
affect the model’s predictive accuracy for specific stocks,
including DELL.

Haoran Li (2024) emphasized the importance of
LSTM architecture, particularly the number of neurons
and dropout rates, in achieving accurate stock price
predictions. [19]. However, the study did not consider the
effect of activation functions on model performance,
which could play a pivotal role in how well the model
generalizes to unseen data and how it handles volatile
market conditions, such as those seen in DELL’s stock
history.

Barathi Subramanian et al. (2024) investigated the
limitations of traditional activation functions, such as
sigmoid and tanh, when applied to small datasets. [20].
They proposed an alternative activation function,
Sigmoid Tanh Squared (SST), to enhance learning and
gradient flow, which could potentially improve stock
price prediction accuracy when data is limited. However,
their research did not specifically analyze the impact of
these functions on DELL’s stock, leaving room for
further exploration into how these activation functions
influence LSTM performance in predicting individual
stock prices.

Jongjin Jung and Ji Yeon Kim (2024) examined
the importance of model optimization for stock price
forecasting, but did not discuss the effects of activation
functions on model accuracy. [21]. Their study compared
various parameter settings and highlighted the need for
further research into how different activation functions
can be fine-tuned to optimize LSTM performance,
particularly for high-volatility stocks such as DELL.

In contrast, several other studies [22], [23], [24]
explored LSTM applications for predicting stock prices
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but did not delve into activation function optimization.
Their work emphasized LSTM’s ability to handle
sequential data and capture temporal dependencies in
stock price movements, but the choice of activation
function was not a primary focus.

While previous studies have demonstrated the
effectiveness of LSTM for stock price prediction, a
noticeable gap remains in the literature regarding the
impact of activation function selection on model
performance. Most studies focus on optimizing
hyperparameters, such as the number of layers, the
number of neurons, and dropout rates. However, few
have systematically investigated how different activation
functions, including ReLU, ELU, Sigmoid, and tanh,
influence LSTM models’ ability to predict stock prices,
particularly for individual stocks such as DELL.

The lack of studies specifically addressing the role
of activation functions in financial forecasting models
represents a significant gap in the existing literature.
Understanding how these functions impact prediction
accuracy is crucial, as activation functions are integral to
the learning dynamics of neural networks. Different
activation functions can significantly alter the model’s
ability to capture complex, non-linear patterns in stock
price movements, and their effect might vary depending
on the volatility and behavior of the specific stock being
predicted.

This research aims to fill this gap by focusing
specifically on the impact of activation functions,
including ReL U, ELU, Sigmoid, and Tanh, in predicting
the highest stock price of DELL. By comparing the
performance of these activation functions in stock price
forecasting, this study will provide valuable insights into
how the choice of activation function can influence the
accuracy and reliability of LSTM models in the financial
domain.

3 RESEARCH METHODS

In this study, we applied a systematic approach to
develop and evaluate a predictive model for forecasting
DELL’s highest stock price using Long Short-Term
Memory (LSTM) networks. Figure 1 shows that the
methodology is designed to address the challenges of
time-series prediction, where capturing the temporal
dependencies and non-linear patterns in financial data is
crucial. The methods outlined below detail the steps for
preprocessing the dataset, building the LSTM model, and
evaluating its performance across various activation
functions. By focusing on key stages such as data
cleaning, normalization, and splitting, we ensure the
model’s robustness and accuracy, ultimately providing
valuable insights for investors and analysts into stock
price prediction.
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Figure 1. Proposed Method

3.1 Data Collection and Dataset Description

This research utilizes historical stock price data of
DELL, obtained from Kaggle’s “Microsoft Stock Data
and Key Affiliated Companies” dataset. The dataset
spans from August 17, 2016, to October 30, 2024, and
contains 2,042 data points. The data includes key
financial indicators: date, opening price, highest price,
lowest price, closing price, adjusted closing price, and
trading volume. For this study, the focus is on the “High”
column, which records the highest stock price for DELL
on each trading day. This column serves as the target
variable for prediction, specifically predicting the highest
price of DELL stock within the given time series.

3.2  Data Preprocessing

Data preprocessing in this study involved several
critical steps to prepare the dataset for the LSTM model.
First, data cleaning was performed to handle missing
values by removing rows with null entries, ensuring data
integrity. The dataset was then reduced to relevant
features, specifically the “Date” and “High” columns,
with the “Date” column formatted as datetime to maintain
chronological order. Next, normalization was applied
using Min-Max scaling, which scaled the “High” prices
to the range [0,1], ensuring consistency for model input.
The data was split into training and testing sets with a
70:30 ratio, maintaining chronological ordering to
prevent future data leakage. The training dataset
contained 1,429 data points, while the testing set
contained 613.

The mathematical model used in this research is
the Long Short-Term Memory (LSTM) network, which
can be represented as follows:

hy = LSTM(x;, hy—1, Cr—1) (1)
where:
e h, is the hidden state at time t
e X, is the input at time t
e h,_, is the previous hidden state
® C;_, is the previous cell state.

Assessing model

7

N
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The model’s prediction for the highest stock price
at time t, denoted as ¥, is calculated as in (2):

}/’\t = Woutputht + boutput (2)

where W is the weight matrix and by, is the
bias term. The model is trained using the Adam
optimizer, and the loss is calculated in (3) using Mean
Squared Error (MSE), which is minimized during
training:

n
1
MSE == (= 9)? )
i=1

where y; represents the actual stock price and ¥,is
the predicted value.

3.3 Model Development

The model developed in this study is an LSTM
network, specifically designed for time-series prediction
tasks due to its capability to capture long-term
dependencies. The model architecture consists of a single
LSTM layer with seven units, followed by a Dense layer
to output the predicted highest stock price. The choice of
activation functions includes ReLU, ELU, Sigmoid, and
Tanh, each selected for their unique characteristics in
influencing the model’s learning behavior. The model
was trained for 100 epochs using the Adam optimizer
with a batch size of 32, employing early stopping to
prevent overfitting. Performance evaluation was done
using three metrics: Root Mean Square Error (RMSE),
Mean Squared Error (MSE), and Mean Absolute Error
(MAE), to assess the model’s prediction accuracy and
robustness

3.4  Performance Comparison

To determine the most effective activation
function for predicting DELL’s highest stock price, the
LSTM model’s performance with each activation
function was compared using RMSE, MSE, and MAE.
The results of these evaluations provide insights into
which activation function yields the most accurate
predictions.

3.5 Experimental Setup

The experiments were conducted using Python,
leveraging libraries such as Keras to build and train the
LSTM model, Pandas for data manipulation, NumPy for
numerical calculations, and Matplotlib for data
visualization. The models were trained and evaluated on
a local machine with sufficient computational power,
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including access to high-performance hardware for
faster training using a Graphics Processing Unit (GPU).

4 RESULTS AND DISCUSSION
4.1 Results

To ensure the robustness and originality of the
implementation, the LSTM model in this study was
configured with a single LSTM layer consisting of seven
hidden units followed by a dense output layer for
regression prediction. The model was trained using the
Adam optimizer with a batch size of 32 for 100 epochs ,
while the loss function was defined using Mean Squared
Error (MSE). Early stopping was applied to reduce the
risk of overfitting during training. In addition to the
training and testing split (70:30), model validation was
performed by monitoring the training loss and testing
performance across epochs to ensure steady convergence
of the model.

Although the dataset was obtained from Kaggle,
the implementation in this research was independently
developed developed by designing a customized LSTM
configuration and consistently evaluating four activation
functions (ReLU, ELU, Sigmoid, and Tanh) within the
comparable experimental framework . The experimental
results indicate that the ReLU activation function
achieves superior predictive performance compared with
the different functions . This can be explained by the
ability of ReLU to mitigate the vanishing gradient
problem and maintain efficient gradient propagation
during backpropagation , enabling the model to learn
nonlinear patterns and sharp fluctuations further
efficaciously in unstable financial time series data. In
contrast, Sigmoid and Tanh tend to suffer from gradient
saturation , which slows the learning process and limits
the model’s ability to capture explosive changes in stock
prices.

Training Loss Over Epochs

Figure 2. Training Loss ReLU Activation Function

The ReLU activation function demonstrated the
best performance across all metrics. As shown in Figure
2, the model’s training loss significantly decreased over
the epochs, indicating effective learning. The RMSE,
MSE, and MAE for the ReLU model were the lowest
among the activation functions, indicating higher
prediction accuracy and a better fit to historical data. This
result suggests that ReLU is the most effective activation
function for capturing the patterns in DELL’s stock price.
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Training Loss Over Epochs
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Figure 3. Training Loss ELU Activation Function

The ELU activation function showed a consistent
decrease in training loss over the epochs, as illustrated in
Figure 3. However, the performance on the test data was
not as robust as ReLU. While the model performed well
on the training data, it exhibited signs of overfitting, as
evidenced by higher error metrics on the testing dataset.
This suggests that ELU may struggle to generalize
effectively to unseen data, rendering it less suitable for
this stock price prediction task.

Training Loss Over Epachs
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Figure 4. Training Loss Sigmoid Activation Function

100

The Sigmoid activation function, shown in Figure
4, exhibited slower convergence than ReLU and ELU,
with a less pronounced reduction in loss over the epochs.
The model trained with the Sigmoid function exhibited
significant overfitting, leading to poorer performance on
the test data. The prediction errors, as measured by
RMSE, MSE, and MAE, were higher than those of the
ReLU model, suggesting that Sigmoid is less suited for
this particular prediction task.

Training Loss Over Epochs

raining Loss

[} 20 « 60 80 100
Epachs

Figure 5. Training Loss Tanh Activation Function
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The Tanh activation function, as seen in Figure 5,
demonstrated the slowest improvement in training loss.
Despite a steady reduction in loss during training, the
model exhibited significant overfitting, with a substantial
discrepancy between its training and testing performance.
The error metrics for the Tanh model were the highest,
indicating that this activation function does not
effectively capture the complex patterns in stock price
movements.

To further quantify each activation function’s
performance, the models were evaluated using three
commonly used metrics: Root Mean Squared Error
(RMSE), Mean Squared Error (MSE), and Mean
Absolute Error (MAE). These metrics provide insight
into the overall prediction accuracy and the magnitude of
errors for each model. The results are summarized in
Table 1.

Table 1. Comparison of Evaluation Metrics
Activation

. R2 Score RMSE MSE MAE
Function
ReLU 0.843773  0.557942 0.3113  0.338773
ELU 0.2873  1.191694  1.420135 0.680826
Sigmoid 0.328764  1.156508  1.337512  0.654547
Tanh -0.023218  1.427892  2.038876 0.843087

The table clearly shows that the ReLU activation
function outperforms the other activation functions,
achieving the lowest RMSE, MSE, and MAE values and
the highest R? score. This indicates that the ReLU-based
model is the most accurate at predicting DELL’s highest
stock price. In contrast, Tanh performed the worst, with
the highest errors across all metrics, suggesting it is not
an ideal choice for this type of financial prediction task.

Nilai Aktual
diksi ReLU

Prediksi ELU
5 Prediksi Sigmoid
Prediksi Tanh

o 100 200 300

Index

400 500 600

Figure 6. Comparison of Prediction Results for The
Highest Stock Price Of DELL Using Four Different
Activation Functions In The LSTM Model

Figure 6 compares prediction results for DELL’s
highest stock price across four activation functions in the
LSTM model: ReLU, ELU, Sigmoid, and Tanh. The
graph clearly illustrates how each activation function
impacts the model’s ability to predict stock prices at
various time points, with the predicted values compared
against the actual values, represented by the yellow
dashed line.
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The ReLU activation function provided the most
accurate predictions, aligning closely with the actual
stock prices, especially during price surges. This
indicates that the ReLU model effectively captures the
fluctuations and key patterns in the stock price, making it
the best-performing activation function in this study. On
the other hand, the ELU model showed predictions that
were generally close to the actual prices but lacked
precision, particularly during sharp increases in stock
prices. Although it followed the overall trend, it lagged
behind actual prices during volatile periods, making it
less effective than ReLU.

The Sigmoid activation function exhibited
noticeable deviations from the actual stock prices,
particularly during high-volatility periods. The Sigmoid
model struggled to capture sharp rises and falls in stock
prices, resulting in less accurate predictions than ReLU
and ELU. Finally, the Tanh activation function showed
the least accurate predictions, with significant
discrepancies from the actual values. The Tanh model
consistently underperformed during price surges,
indicating it was unable to capture the complexity of
stock price fluctuations.

In conclusion, Figure 6 demonstrates that ReLU
offers the most accurate and reliable predictions for
DELL’s highest stock price, successfully tracking both
trends and sharp price fluctuations. The findings from the
model evaluation have significant implications for
business and investment decision-making. Accurate
prediction of stock prices, remarkably the highest price,
plays a crucial role in informing trading strategies and
investment decisions. By employing an LSTM model
with the ReLU activation function, investors can
potentially achieve better forecasting performance,
enabling more informed decisions about buying and
selling DELL stock. Accurate predictions of the highest
stock price enable investors to identify peak market
conditions and capitalize on price surges, thereby
improving the timing of their trades.

For businesses, especially those in the financial
sector, adopting machine learning models such as LSTMs
with optimized activation functions can enhance risk
management and more effectively allocate resources. By
reducing prediction errors, the model enhances the
accuracy of stock price forecasts, which in turn enables
businesses to plan more effectively, minimize financial
risks, and capitalize on market opportunities. The
superior performance of the ReLU-based model
underscores the importance of selecting the optimal
configuration to improve financial predictions, ultimately
leading to improved profitability in the long run.
Moreover, such predictive models can be integrated into
trading systems, providing real-time insights into market
trends and helping businesses stay competitive in
dynamic market environments.
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4.2  Discussions

The results of this study highlight the significant
influence of the choice of activation function on the
performance of LSTM models in predicting DELL’s
highest stock price. The ReLU activation function
consistently outperformed the other functions in terms of
prediction accuracy. This aligns with previous research.
[19] that emphasized the importance of optimizing the
LSTM architecture to improve stock price prediction
accuracy. ReLU effectively captured both general trends
and sharp price surges, making it the most suitable
activation function for predicting volatile stock prices,
such as DELL’s.

In contrast, the ELU, Sigmoid, and Tanh functions
performed less effectively. Although ELU showed
potential, it was prone to overfitting, especially during
periods of high volatility. Both Sigmoid and tanh
struggled to capture sudden price fluctuations, resulting
in higher error rates compared to ReLU. This finding
supports the limitations noted by [20], who found that
traditional activation functions, such as Sigmoid and
Tanh, were less effective for complex, non-linear stock
price patterns.

While the LSTM model demonstrated strong
performance with ReLU, its interpretability remains a
challenge, as LSTM models are often considered “black-
box” models. Future work could integrate Explainable Al
(XAI) techniques, such as LIME (Local Interpretable
Model-agnostic Explanations), to enhance model
transparency, particularly in financial decision-making
contexts. This would help investors better understand the
factors influencing stock price predictions, thereby
enhancing confidence in decision-making.

From a business perspective, accurately
predicting stock prices is crucial for making informed
investment decisions. The superior performance of the
ReLU-based LSTM model demonstrates its potential as a
reliable tool for predicting DELL’s highest stock price,
helping investors determine optimal entry and exit points.
However, as with any model, the study’s findings suggest
the need for ongoing research to optimize LSTM models,
particularly in terms of activation functions, to improve
forecasting accuracy, especially in volatile markets.

Looking ahead, future research could explore the
integration of external factors, such as market sentiment
and macroeconomic indicators, that also influence stock
prices. Incorporating such factors, along with advanced
machine learning techniques such as reinforcement
learning and ensemble methods, could enhance the
robustness and predictive power of the LSTM model,
making it even more valuable for real-world financial
applications.

5 CONCLUSION

This study has
impact of activation
performance of LSTM

demonstrated the significant
function selection on the
models in predicting DELL’s
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highest stock price. By applying and comparing four
activation functions—ReLU, ELU, Sigmoid, and Tanh—
we found that ReLU consistently outperformed the others
in prediction accuracy. The best-performing model, using
ReLU, achieved the following evaluation metrics: RMSE
of 0.557942, MSE of 0.311300, and MAE of 0.338773.
These results confirm that the ReLU activation function
yields the most accurate forecasts for DELL’s highest
stock price, particularly in capturing both general trends
and the sharp price fluctuations typically observed in
stock markets.

The contribution of this research lies in its focus
on the effect of activation functions on the performance
of LSTM models for predicting individual stock prices,
specifically for DELL. Previous studies have explored
LSTM models for stock price prediction, but have often
overlooked the impact of activation functions. By
addressing this gap, this study provides valuable insights
into how ReLU, in particular, can enhance the accuracy
of stock price forecasts.

Furthermore, the findings from this study have
practical implications for investors and financial analysts.
By using LSTM models with an appropriate activation
function, such as ReLU, stakeholders can make more
informed investment decisions by optimizing buy, sell, or
hold strategies based on more accurate stock price
predictions. This research also underscores the
importance of further investigating model interpretability
and integrating external market factors to enhance the
reliability and applicability of LSTM models in real-
world financial forecasting.

In conclusion, this study makes a significant
contribution to understanding how activation functions
affect the performance of LSTM models for stock price
prediction. It also lays the groundwork for future
research that could explore the integration of explainable
Al techniques and external factors, further refining the
predictive power and interpretability of financial
forecasting models.
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Abstract

Hypertension is a leading cause of cardiovascular diseases, strokes, and kidney failure, with early diagnosis being
critical for prevention. Traditional diagnostic methods often face challenges such as human error and inconsistent
measurements. While machine learning (ML) has been explored as a potential solution, previous studies have mainly
focused on accuracy, often neglecting other important metrics like precision, recall, and F1-score, especially in
imbalanced datasets. The primary purpose of this research is to address this gap by comprehensively comparing the
performance of four machine learning algorithms - Naive Bayes, Support Vector Machines (SVM), Random Forest
(RF), and XGBoost—to provide valuable insights for practical hypertension screening. The dataset consists of 1,985
records with 10 predictor features, including both categorical and continuous variables, and a binary target variable
(Has_Hypertension: Yes/No) with a class distribution of 1,032 Yes and 953 No. The data undergoes preprocessing,
including categorical encoding and feature scaling for SVM. Models are evaluated using a balanced set of metrics,
including accuracy, precision, recall, and F1-score. The results show that RF/XGBoost perform best, with the highest

F1 and accuracy, while SVM and Naive Bayes serve as competitive alternatives.

Keywords: Naive Baiyes, SVM, Random Forest, XGBoost, Hypertension

1 INTRODUCTION

Hypertension is a leading risk factor for
cardiovascular diseases and is associated with a higher
risk of stroke, heart disease, and kidney failure. Early
diagnosis and management of hypertension are crucial in
preventing these complications. However, traditional
diagnostic methods, primarily based on manual blood
pressure  measurements, often  suffer from
inconsistencies due to human error, time variation, and
equipment-related limitations. Consequently, there has
been growing interest in leveraging machine learning
(ML) models to automate the diagnosis of hypertension
by using a wide array of patient data, such as age, BMI,
blood pressure history, and lifestyle factors [1].

In this study, we utilize a dataset containing
clinical and lifestyle information from individuals to
predict the presence of hypertension. The dataset
consists of multiple features including age, salt intake,
stress score, blood pressure history, sleep duration, BMI,
medication, family history, exercise level, smoking
status, and the target wvariable has hypertension
(Yes/No). This dataset provides a diverse set of features,
which allows the application of various machine
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learning classifiers to assess their performance in
diagnosing hypertension [2].

Recent studies have highlighted the growing role
of machine learning in clinical prediction and health-data
analysis [1],[3]. In comparative classification settings,
algorithms such as Naive Bayes (NB), Support Vector
Machines (SVM), Random Forest (RF), and XGBoost
are widely used because they represent different
modeling principles, ranging from probabilistic learning
and margin-based classification to bagged trees and
gradient-boosted ensembles [4],[8]. In healthcare
datasets, these models are commonly assessed not only
for overall accuracy, but also for robustness,
interpretability, and their ability to generalize across
heterogeneous clinical features [2], [3].

Despite these advancements, there are several
gaps in existing literature. Many studies focus primarily
on accuracy as the key metric for evaluating model
performance, often ignoring other crucial metrics like
precision, recall, and F1-score, which are critical when
dealing with imbalanced datasets and the serious
consequences of false negatives in medical diagnostics.
Additionally, most studies do not utilize advanced
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validation techniques like nested cross-validation, and
the clinical significance of the false positive and false
negative rates is often not adequately addressed.

To address these gaps, the primary purpose of this
research is to comprehensively compare the performance
of four well-known machine learning classifiers—Naive
Bayes, Support Vector Machines (SVM), Random
Forest, and XGBoost on a hypertension dataset. By
evaluating these models using a balanced set of metrics,
including accuracy, precision, recall, and F1-score, this
study aims to provide actionable insights for healthcare
providers regarding the most suitable models for
practical hypertension screening. This approach ensures
a deeper understanding of the models' strengths and
weaknesses, focusing on both their predictive
capabilities and clinical implications.

2 LITERATURE REVIEW

Machine learning (ML) has rapidly emerged as a
powerful tool in healthcare, offering the potential to
improve diagnosis, risk stratification, and clinical
decision support. Recent literature in medical Al shows
that data-driven models can help extract useful patterns
from large-scale health records and structured clinical
variables, thereby supporting more consistent and
efficient prediction tasks [1], [2]. However, systematic
evidence also suggests that the superiority of ML over
conventional statistical approaches is not always
guaranteed, making careful benchmarking and
transparent evaluation essential [3].

Among the most commonly used classifiers in
structured medical data are Support Vector Machines
(SVM), Random Forest, and XGBoost. These methods
are widely adopted because they can capture complex
and non-linear relationships in classification tasks.
Foundational work on Random Forest and XGBoost has
demonstrated strong predictive capability, while widely
used ML libraries have enabled their practical
implementation in healthcare analytics and related
applied studies [4], [5], [8].

Another critical aspect of machine learning in
healthcare is data preprocessing, which ensures that the
data are suitable for analysis. Techniques such as
encoding, cleaning, and normalization are essential for
improving algorithmic compatibility and model
performance, especially for methods that are sensitive to
feature scale differences. Min-Max normalization, for
example, is widely used to rescale numerical features so
that they contribute more equitably during model
training [9], [10]. This step is particularly important in
medical datasets that often contain a mixture of
continuous and categorical variables.

Model evaluation is also a key stage in
determining the effectiveness of machine learning
methods for healthcare applications. Accuracy,
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precision, recall, and Fl-score remain core metrics in
binary classification, while cross-validation is
commonly used to obtain a more reliable estimate of
generalization performance [6], [7]. In addition, the
Matthews Correlation Coefficient (MCC) is often
recommended when class distributions are uneven
because it accounts for all elements of the confusion
matrix and provides a more balanced view of model
quality [7].

From an applied perspective, healthcare machine
learning studies in Indonesia also indicate growing
interest in disease classification and the use of data-
driven methods in health information environments
[11]{13]. This trend underscores the relevance of
comparative studies that evaluate standard classifiers on
clinically meaningful datasets. Therefore, comparing
Naive Bayes, SVM, Random Forest, and XGBoost on a
hypertension dataset remains methodologically relevant
and practically valuable, especially as foundational
concepts and implementation practices continue to be
widely used in local and international contexts [14], [15].

3 RESEARCH METHODS

To ensure the reproducibility, objectivity, and
robustness of our findings, this section delineates the
systematic research methodology that underpins our
empirical investigation, structuring the entire workflow
from data acquisition to a final comparative performance
analysis of the selected classification algorithms in a
clear and logical progression.

a. Research Framework and Workflow
The research pipeline commences with the
acquisition of the hypertension dataset, followed by
an in-depth data preprocessing stage, a
foundational step in any applied machine learning
workflow designed to cleanse and prepare the data
for modeling [9]. This stage is critical for ensuring
algorithmic compatibility and optimal
performance, involving standard procedures such
as the encoding of categorical variables and the
scaling of numerical features [10]. Subsequently,
the prepared dataset is partitioned into training
(80%) and testing (20%) sets. A stratified sampling
technique is employed during this split to ensure
that the class distribution of the target variable is
maintained in both partitions, which is a crucial
practice for preventing biased evaluation,
particularly in clinical datasets that may be
imbalanced [11]. The core of the methodology
involves training four distinct machine learning
models on the training data, where their
performance is robustly estimated using a 10-fold
cross-validation strategy. This technique is
considered a standard for obtaining a reliable and
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less biased estimate of a model's generalization
capability [12]. Finally, the trained models are
subjected to a definitive evaluation on the final,
unseen test set to assess their real-world
performance. This evaluation is conducted using a
suite of standard classification metrics [13], leading
to a comparative analysis from which conclusions
about the most effective algorithm are drawn, a
methodological approach common in comparative
studies of clinical prediction models [14].

Data Collection

The first phase of this study is data collection,
where we gather the essential information for our
analysis. We compile a large set of anonymous
patient records specifically related to hypertension.
Each record contains various predictive details,
including demographics, clinical data, and lifestyle
habits, all linked to a final diagnosis. The quality
and accuracy of this initial data are critical, as it
forms the very foundation for training our machine
learning models and testing how well they work.
This study wuses an anonymized, tabular
hypertension dataset comprising N = 1,985 records
with 10 predictor variables and a binary label
(Has_Hypertension: Yes/No), exhibiting a class
distribution of Yes = 1,032 and No = 953, and no
missing values. Predictors include five continuous
features—Age, BMI, Sleep Duration (hours/day),
Salt Intake, Stress Score (1-10)—and five
categorical features—BP_History
(Normal/Prehypertension/Hypertension),
Medication (e.g., None/ACE Inhibitor/Other),
Family History (Yes/No), Exercise Level
(Low/Moderate/High), Smoking Status (Non-
Smoker/Smoker)—with ~ consistent  category
labeling prior to encoding [15].

Data Collection

Data Preprocessing

Data Splitting
(80% Train, 20% Test)

Model Training

‘ SVM ‘

Random Forest

Naive Baiyes

‘ XGboost ‘

l

Model Evaluation
(Accuracy, Precision, Recall, F1-Score)

l

‘ Comparative Analysis & Conclusion ‘

Figure 1. Research Methodology
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Data Preprocessing

Raw data is seldom suitable for direct input into
machine learning algorithms. The preprocessing
stage is therefore critical for transforming the data
into an optimal format and enhancing model
performance [10].

1. Data Cleaning
Data cleaning is the process of identifying and
rectifying data anomalies to enhance data
quality and integrity. In a medical context,
where data inaccuracies can lead to flawed
conclusions, this step is particularly important

[9].

2. Label Encoding
Machine learning  algorithms  require
numerical input. Therefore, categorical
features must be converted into a numerical
format. Label Encoding is a technique that
assigns a unique integer to each unique
category within a feature [2].

3. Feature Scaling: Normalization.

Feature scaling adjusts the range of numerical
features to bring them onto a common scale,
which is essential for many algorithms.
Normalization, specifically Min-Max scaling,
is a primary technique for this purpose. By
ensuring all features contribute equitably,
normalization can significantly improve
model convergence and performance [9].

Data Splitting

To ensure an objective evaluation, the data splitting
phase methodically divides the processed dataset
into two separate subsets. A standard 80/20 split is
used, where 80% of the data forms the training set
for the models to learn from. The other 20% is held
back as the testing set, providing an unbiased
measure of how well the models perform on new,
unseen data. This separation is a fundamental
practice to prevent overfitting—a common pitfall
where a model learns the training data too well,
including its noise, and consequently fails to
generalize to new data—thereby giving a realistic
estimate of real-world performance.

Model Training

Leveraging solely the 80% training partition, the
model development phase serves as the primary
computational stage. Four unique classifiers
(Gaussian Naive Bayes, SVM, Random Forest, and
XGBoost) are systematically trained, each
employing its distinct optimization algorithm to
derive a predictive function. This function aims to
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model the complex correlations between input
features and the diagnostic target. The stringent
sequestration of the 20% testing data is a critical
methodological control, guaranteeing that the
subsequent performance evaluation is unbiased and
a true measure of the models' generalization
capabilities [4], [S].

Comparative Analysis and Conlusion

The study concludes with a comparative analysis
where the performance scores of the four models
are directly compared. This final step involves
interpreting the results to identify the best-
performing algorithm, focusing on which model
offers the most optimal balance of accuracy,
precision, and recall for diagnosing hypertension.
A final conclusion is then drawn from this evidence
to declare the most effective model and discuss the
study's implications [7].

We use the following evaluation metrics to assess

model performance: accuracy, precision, recall, and F1-
score. Each of these metrics provides unique insights
into the model's performance, particularly in scenarios
with class imbalance, such as in hypertension diagnosis,
where the costs of false positives and false negatives can
be significant [7].

1.

Accuracy

Accuracy measures the overall correctness of the
model, defined as the proportion of correct
predictions (both true positives and true negatives)
out of all predictions. It is calculated as:

R ~ TP + TN
U = TP I TN+ FP + FN

where:

e TP = True Positives (correctly predicted
positive cases)

e TN = True Negatives (correctly predicted
negative cases)

e FP = False Positives (incorrectly predicted
positive cases)

e FN = False Negatives (incorrectly predicted
negative cases)

Precision

Precision is the proportion of true positive
predictions relative to all positive predictions made
by the model. It answers the question: "Of all the
cases predicted as positive, how many were
actually positive?" It is calculated as: [7].
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TP

TP + FP

A high precision means that the model is not
frequently classifying negative cases as positive,
which is crucial in medical diagnostics to avoid
unnecessary treatments [7].

Precision =

Recall (Sensitivity or True Positive Rate)

Recall measures the proportion of actual positive
cases that were correctly identified by the model. It
answers the question: "Of all the actual positive
cases, how many did the model correctly identify?"
It is calculated as:

TP

Recall = TP+—FN

A high recall means that the model is good at
identifying positive cases, which is particularly
important in medical diagnostics to minimize
missed diagnoses (false negatives).

F1-Score

The F1-score is the harmonic mean of precision and
recall. It balances the two metrics, giving a single
score that accounts for both false positives and false
negatives. The F1-score is particularly useful when
the class distribution is imbalanced, as it considers
both false positives and false negatives. It is
calculated as: [7].

Precision X Recall
Fl-score = 2 X

Precision + Recall

The F1-score is valuable when a balance between
precision and recall is needed, making it a more
comprehensive evaluation metric in the context of
medical classification, where both false positives
and false negatives can have significant
consequences. These metrics allow for a detailed
evaluation of model performance, ensuring that
both types of errors (false positives and false
negatives) are considered, which is crucial in the
context of hypertension diagnosis where the goal is
to correctly identify at-risk patients while
minimizing misclassifications [7], [12], [13].

RESULTS AND DISCUSSION
Result

Data Collection

This research is based on a public dataset
containing 1,985 anonymized patient records. The
dataset features 11 predictor attributes and one
binary target variable, “Has Hypertension”. Its
predictor variables encompass a mix of
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demographic (e.g., Age), clinical (e.g., BMIL, BP
History), and lifestyle factors (e.g., Salt Intake,
Smoking Status). This heterogeneous data
composition provides a realistic and challenging
testbed for evaluating the selected classification
algorithms

Data Preprocessing

e Data Cleaning
Missing values per column:
Age <]
Salt Intake
Stress_Score
BP_History
Sleep_Duration
BMI
Medication
Family History

=~
w0
mm DD e 5O ®

Exercise_lLevel
Smoking_Status
Has_Hypertension
dtype: int64

Figure 2. Missing Value

The issue here is a missing value in the
Medication column. This type of data is
categorical, meaning it's a descriptive label
rather than a number. The solution is we do
imputation,where the process of filling in the
missing value with a calculated or estimated
one. The standard statistical approach is to use
the mode. This involves identifying the most
common value in the Medication column and
using it to replace the missing entry. For
instance, if 'Beta Blocker' appears more often
than any other drug, it would be used to fill
the blank.

Missing values after imputation:
Age
Salt_Intake
Stress_Score
BP_History
Sleep_Duration
BMI

Medication
Family History
Exercise_Level
Smoking_Status

v I o I v I v B v I v I v R T v Y v

Has_Hypertension
dtype: int64

Figure 3. Imputation Result

e Label Encoding
The primary objective of Label Encoding
within this dataset is to transform ordinal
categorical variables—those with an intrinsic
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hierarchical structure—into a numerical
representation. Following the imputation of
missing values, this technique was applied to
the dataset to convert textual categories into
integer values. Consequently, categorical
features such as BP History, Medication,
Family History, Exercise Level, and
Smoking Status were successfully encoded
into numerical formats (e.g., 0, 1, 2, 3).
Similarly, the binary target variable,
Has Hypertension, was encoded as 0 and 1.
This conversion is essential for enabling the
machine learning algorithm to
computationally interpret and leverage the
inherent ranking among the categories.

e Normalization
The most common normalization technique is
called Min-Max Scaling. It rescales every
data point in a feature using the following
formula [9], [10]:

X _ X — Xmin
Scaled —
Xmax - Xmin

where:

X is the original value.

Xmin is the minimum value in the column.
Xmax is the maximum value in the column

By applying this scaling technique,
continuous numerical features in the dataset
such as Age, Salt Intake, Stress Score,
Sleep Duration, and BMI were transformed
onto a common scale. This transformation
ensures that all numerical features contribute
equitably to the model's training process.
Preventing variables with naturally larger
ranges from dominating the learning
algorithm is a crucial preprocessing step,
especially for algorithms sensitive to data
variations like SVM

Data Splitting

This process is the essential data split needed for
machine learning, ensuring the model is properly
evaluated. First, the data is divided into Features
(X), which are the inputs (all columns except
'Has_Hypertension'), and the Target (y), which is
the output we want to predict (‘'Has_Hypertension').
This data is then randomly split into a Training Set
(80%, or 1,588 samples) used to teach the model,
and a Testing Set (20%, or 397 samples) reserved
to test its performance on data it has never seen.
This separation is vital to check if the model can



Akbar, I et al.

generalize new data and to prevent it from simply
memorizing the training examples (overfitting) [2].

Model Training

This step represents the multi-model algorithm
selection and parameter optimization phase within
the machine learning pipeline. It involves
instantiating and training four distinct classification
methodologies—Naive Bayes, Support Vector
Machine (SVM), Random Forest, and the eXtreme
Gradient Boosting (XGBoost) framework—using
the established training feature set (Xtrain) and
target vector (Ytrain). The objective is to build a
diverse portfolio of trained predictors, each
operating on a different statistical or structural
principle. These candidate models  will
subsequently undergo rigorous comparative
performance evaluation against the untouched test
data to identify the most robust and highly
generalized model for the specific prediction task
[15].

Model Evaluation
e Naive Baiyes

The Naive Bayes model achieved an accuracy
of 0.85, correctly predicting 85% of the 397
test samples. Based on the classification
report, the model performed well for both
classes, with class 0 showing a precision of
0.88, recall of 0.81, and Fl-score of 0.84,
while class 1 achieved a precision of 0.84,
recall of 0.89, and F1-score of 0.86, indicating
balanced performance across categories. The
confusion matrix further supports this result:
out of 192 actual instances of class 0, the
model correctly predicted 156 and
misclassified 36, while for class 1, it correctly
identified 183 out of 205 and misclassified 22.
Overall, these results suggest that the model
effectively distinguishes between the two
classes with minimal misclassification and
maintains consistent predictive accuracy [7].

e  Support Vector Machine (SVM)
This result evaluates the performance of the
SVM (Support Vector Machine) Model,
which achieved a high overall Accuracy of
89% on the 397 test cases. The model
demonstrates exceptional balance, as shown
by the Classification Report, with precision,
recall, and fl-score consistently around 0.89
to 0.90 for both positive and negative
prediction classes. This balanced outcome is
visually supported by the Confusion Matrix,
which reveals that the model made a small
number of errors—just 23 false positives and
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21 false negatives—out of the total test set,
indicating that the SVM is a very accurate and
reliable predictor for this task [7].

Random Forest

The Random Forest model obtained an
accurate score of 0.96, correctly predicting
96% of the 397 test instances. The
classification report reflects highly accurate
and balanced results, with class 0 reaching a
precision of 0.95, recall of 0.97, and F1-score
of 0.96, while class 1 achieved a precision of
0.98, recall of 0.96, and Fl-score of 0.97.
These outcomes indicate that the model
performs exceptionally well in identifying
both classes with very few errors. The
confusion matrix further supports this,
showing 187 correctly classified samples out
of 192 for class 0 and 196 out of 205 for class
1, with only minor misclassifications.
Overall, the Random Forest model exhibits
excellent accuracy, robust classification
capability, and dependable performance in
binary classification [7].

XGBoost.

This output showcases the exceptional
performance of the XGBoost Model, which
achieved the highest overall Accuracy of 98%
on the 397 test samples. The Classification
Report reveals near-perfect predictive ability
for both classes (0 and 1), with precision,
recall, and f1-scores for all metrics registering
at 0.98 or 0.99, indicating both outstanding
predictive power and perfect balance between
the classes. This superior performance is
strongly supported by the Confusion Matrix,
which shows that the model made only 6
errors in total: it correctly predicted 189 cases
for class 0 and 202 cases for class 1, resulting
in a minimal count of 3 false positives and 3
false negatives [7].
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f. Comparative Analysis
e Model Comparison
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Table 1. Model Comparison

Prediction | Recall | Fl-score . Confusion Matrix
Model | Accuracy (avg) (avg) (avg) Main Strength (TP for class 1/ TN for class 0)
Naive Simple, fast, good 183
Bayes 0.85 0.86 0.8 0.85 baseline model TP = ™™ 156
Balanced
performance, 184
SVM 0.89 0.89 0.89 0.89 robust margin TP = TN = 169
classifier
Excellent
Random accutacy,  well- 196
Forest 0.96 0.96 0.97 0.96 balanced, handles TP = TN 187
nonlinearity well
Best performance,
minimal 196
XGBoost | 0.98 0.98 0.98 0.98 misclassification, TP = TN = 187
highly optimized
showing that the model benefits from more
data and generalizes very well without
significant overfitting [5].
The XGBoost model (pink and gray lines)
a demonstrates the best overall performance,
with training scores nearly perfect (=1.00) and
N S S CV scores gradually increasing to ~0.98. The
minimal gap between train and CV curves
T indicates excellent generalization and very
Figure 4. Learning Curve for All Models low variance [4].
Overall, XGBoost outperforms all other
This learning curve graph compares the models, followed by Random Forest, SVM,
training  and  cross-validation  (CV) and lastly Naive Bayes. The learning curves
performance of four models—Naive Bayes, confirm that ensemble-based models
SVM, Random Forest, and XGBoost—as the (Random Forest and XGBoost) not only
training set size increases [6]. achieve higher accuracy but also scale better
The Naive Bayes model (green and red lines) with increasing data, making them the most
shows relatively low and stable performance, effective and stable models in this comparison
with both training and CV scores around [5].
0.82-0.85, indicating limited learning
capacity and a high bias. Increasing training 4.2 Discussion

data has little effect, meaning the model has
reached its maximum potential early.

The SVM model (purple and brown lines)
performs better, with training scores
consistently around 0.95-0.97 and CV scores
near 0.90-0.91. The small gap between train
and CV scores suggests good generalization,
though the model slightly underfits with more
data.

The Random Forest model (blue and orange
lines) exhibits continuous improvement as
training data increases. Its training score
remains high (around 0.95), while the CV
score rises steadily from 0.86 to about 0.94,
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Overall, Random Forest and XGBoost deliver the
most reliable results for hypertension screening—
consistently topping Fl-score and accuracy—while
SVM (RBF) performs competitively when numeric
features are properly scaled, and Naive Bayes remains a
fast but weaker baseline. Misclassifications skew toward
false negatives in borderline profiles (e.g., near-normal
BMI and moderate sleep), highlighting the value of
threshold adjustment and prioritizing recall to reduce
missed cases. Feature analysis identifies BP_History and
Age as dominant predictors, with BMI and
Sleep Duration shaping risk in combination—patterns
that match clinical expectations and support trust in the
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models. In practice, RF/XGBoost are strong choices for
initial screening (favoring sensitivity and balance), SVM
is suitable for follow-up triage when precision matters,
and NB fits resource-limited use or stacking. Limitations
include restricting evaluation to four metrics (omitting
probability calibration and cost-sensitive analysis) and
the lack of external validation; future work should add
cost-aware  thresholding, probability calibration
(Platt/Isotonic), Decision Curve Analysis, and external
validation across settings and time to confirm
generalizability [6].

5 CONCLUSION

Based on the overall performance comparison,
the XGBoost model clearly outperforms all other
models, achieving the highest accuracy, precision, recall,
and Fl-score across evaluations, as well as the most
stable learning curve with near-perfect generalization.
The Random Forest model follows closely, showing
strong predictive ability and consistent improvement
with larger training data, indicating robustness and low
overfitting. The SVM model delivers solid and balanced
results but performs slightly below the ensemble
methods, suggesting it captures patterns well but may be
limited in handling complex data relationships.
Meanwhile, the Naive Bayes model, while fast and
simple, exhibits the lowest accuracy and little
improvement as the training set grows, reflecting its
assumptions of feature independence and limited
flexibility.  Overall, ensemble-based methods—
particularly XGBoost and Random Forest—prove to be
the most effective and reliable models for this
classification task, demonstrating superior accuracy,
scalability, and generalization compared to SVM and
Naive Bayes.

6 LIMITATIONS AND FUTURE WORK

Despite the strong performance achieved by
ensemble-based models, this study has several
limitations. First, the evaluation relied primarily on
accuracy, precision, recall, and Fl-score, without
incorporating probability calibration or cost-sensitive
analysis, which are important in clinical decision-
making. Second, the dataset was derived from a single
source and lacks external validation, potentially limiting
generalizability across populations. Future work should
incorporate  external datasets, apply calibration
techniques such as Platt scaling or isotonic regression,
and explore decision-curve analysis to better assess
clinical utility [6].
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Abstract

This study designs a gamified learning model for the 'Technopreneur Portal' to enhance Business Intelligence (BI)
mastery within the Technopreneurship course at Universitas Informatika dan Bisnis Indonesia (UNIBI). While Bl is a
crucial competency for developing data-driven startups, teaching these complex concepts through traditional, passive
e-learning often results in high cognitive load and low student engagement. Furthermore, a significant research gap
exists: although gamification is widely used to boost general motivation, its specific integration in teaching technical
entrepreneurship and BI remains underexplored. To address this, this study adopts the ADDIE (Analysis, Design,
Development, Implementation, and Evaluation) framework to systematically transform the syllabus into interactive,
gamified modules. Traditional learning activities are reimagined as "Business Quests," where students earn Experience
Points (XP) and specialized "Badges," fostering healthy competition through a class "Leaderboard." The integration
of gamification shifts the learning paradigm from passive observation to active, experiential participation, effectively
scaffolding the mastery of practical BI skills. This contextually tailored approach significantly boosts students’
motivation, analytical abilities, and overall entrepreneurial readiness. Additionally, the model enables students to build
a tangible business portfolio, culminating in a Certificate of Achievement with a QR code for digital, accountable
validation of their competency credentials.

Keywords: Business Intelligence, Educational Technology, Gamification, Technopreneurship, Business Portfolio

decision-making—form the crux of their entrepreneurial
training.

Despite  the operational deployment of the
Technopreneur Portal as the primary learning medium,
significant pedagogical and cognitive challenges persist

1 INTRODUCTION

The rapid advancement of digital transformation
necessitates a paradigm shift in higher education
entrepreneurship programs [15]. Modern higher

education institutions must increasingly function as
entrepreneurial and digitally enabled ecosystems that
prepare students for technology-driven business
environments [1]. In response to this demand, the
Faculty of Technology and Informatics at Universitas
Informatika dan Bisnis Indonesia (FTI UNIBI)
implemented the Technopreneurship course, supported
by a dedicated learning management system known as
the "Technopreneur HUB Portal." A core competency
heavily emphasized in this curriculum is Business
Intelligence (BI) [8]. Students are tasked not merely with
conceptualizing abstract business ideas, but with
building data-driven startups. Consequently, complex BI
topics—such as designing Key Performance Indicators
(KPIs), dashboard visualization, and evidence-based

Publishing services by BPPM UNIBI

[4], [5]. Delivering BI content and startup simulation
exercises involves the transfer of intricate, procedural
knowledge. Relying on traditional, passive reading
modules or linear presentations to teach these highly
technical subjects often results in cognitive overload and
student disengagement. Students struggle to internalize
dynamic, real-world business scenarios, leading to a
stagnation in their practical analytical skills. This
phenomenon aligns with the findings of Shofwan et al.
[2], which highlight the urgent need for multimodal and
interactive learning models to effectively stimulate
creativity and entrepreneurial courage. Without targeted
instructional interventions, existing digital platforms like
the Technopreneur Portal risk functioning merely as
static task repositories rather than dynamic, immersive
business simulation environments [10].
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To address these instructional barriers, gamification—
the integration of game design elements in non-game
contexts—emerges as a promising solution. However, a
critical review of existing literature reveals a distinct
research gap concerning the intersection of gamification,
entrepreneurship education, and high-level technical
subjects like BI. While gamification has been widely
studied, its application often remains superficial [9]. For
instance, a systematic literature review by Segui-Mas et
al. [3] indicates that gamification in higher education
predominantly focuses on enhancing basic learning
motivation through generic point systems, rather than
being strategically designed to scaffold complex
procedural knowledge. Furthermore, recent studies
emphasize that the efficacy of gamification is highly
context-dependent; indiscriminately adding game
mechanics without aligning them with the specific
cognitive demands of the subject matter yields minimal
pedagogical value [15]. Prior studies lack empirical
models that tailor game mechanics specifically to the
rigorous analytical demands of Business Intelligence
within a technopreneurship framework.

To bridge this critical gap, the primary objective of this
research is to design and implement a structured,
contextually relevant gamified learning model within the
Technopreneur Hub Portal at FTI UNIBL. By
transforming traditional curriculum delivery into
interactive game scenarios, this research seeks to
systematically support students' comprehension of
Business Intelligence concepts and their practical
application in startup creation, effectively shifting the
learning paradigm from passive observation to active
entrepreneurial execution [11].

2 LITERATURE REVIEW

The gamification approach in higher education extends
beyond mere entertainment; it functions as a strategic
pedagogical tool to enhance student engagement and
foster an entrepreneurial mindset [1], [3]. Studies have
demonstrated that gamification provides students with
autonomy and builds their self-confidence in proactively
tackling academic challenges [6]. The effectiveness of
this mechanism in shaping an adaptive mindset is crucial
for technopreneurship, as evidenced by recent research
showing that gamification helps students build a solid
foundation of design logic and problem-solving skills
essential for digital entrepreneurship [1]. The positive
impact of gamification on student participation in digital
learning platforms is well-documented [4], [5].
Furthermore, comprehensive reviews confirm that
game-based learning approaches have evolved into a
leading pedagogical framework globally [9].

However, when integrated with highly technical
domains like Business Intelligence (BI), gamification
takes on a more strategic, yet underexplored, role. BI
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requires students to process raw data into actionable
corporate strategies and conduct complex tasks such as
market sentiment analysis [8]. Research in the context of
experiential business simulations further reinforces that
gamification directly influences behavioral changes and
the mental resilience of an entrepreneur [15]. Therefore,
integrating gamification into the Technopreneur Portal is
expected to not only increase engagement but also
strategically facilitate the effective transfer of rigorous
BI knowledge.

Unlike general academic subjects, teaching Business
Intelligence requires managing a significant intrinsic
cognitive load due to complex procedural tasks like
predictive analytics, startup validation, and data
visualization. To address this, the proposed gamified
learning model integrates Cognitive Load Theory (CLT)
and Self-Determination Theory (SDT) [11]. By applying
CLT, the Technopreneur Portal segments these complex,
high-level BI processes into manageable, micro-step
'‘Business Quests' to prevent cognitive overload.
Concurrently, SDT is applied to fulfill students'
fundamental psychological needs: Autonomy is
achieved by allowing students to choose their
operational approaches and decision-making paths
within the quests; Competence is fostered through
immediate feedback via earning Experience Points (XP)
and exportable Skill Badges (e.g., 'Data Architect'); and
Relatedness is cultivated through competitive yet
healthy class Leaderboards. This dual-theory application
ensures that the integrated game mechanics are not
merely decorative elements, but act as essential
pedagogical scaffolds tailored specifically for mastering
Business Intelligence in technopreneurship education
[16].

3 RESEARCH METHODS

This study adopts a qualitative approach and follows a
systematic instructional design development
methodology to create and assess the effectiveness of a
gamification-based learning model. The focus is on
engineering the learning interactions within the
"Technopreneur Portal" at the Faculty of Technology
and Informatics. The research uses the ADDIE model
(Analysis, Design, Development, Implementation, and
Evaluation), a widely recognized framework for
instructional design, ensuring the methodical creation
and evaluation of the gamified system [7], [12].
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Figure 1. Flowchart of the research methodology based
on the ADDIE framework,

3.1  Analysis Phase

The Analysis phase serves as the foundational
step of this study, which includes a comprehensive
diagnosis of the existing Technopreneurship course,
particularly its Business Intelligence (BI) curriculum.
This phase primarily focuses on identifying cognitive
load challenges and instructional gaps that hinder
effective learning, particularly when teaching BI
concepts and startup validation procedures.

e Learner Profiling and Cognitive Load Assessment:
Students enrolled in the Technopreneurship course
come from diverse academic backgrounds, with
varying levels of exposure to data analytics,
programming, and business strategy. The cognitive
load analysis seeks to identify barriers that students
face when learning complex BI concepts, such as
data aggregation, statistical analysis, and predictive
modeling. The goal is to pinpoint cognitive
overload areas caused by the integration of
technical software (e.g., BI dashboards) with
abstract business theories (e.g., market analysis and
strategic decision-making).

e Technological Infrastructure Audit:

The study also evaluates the current Learning
Management System (LMS) at FTI UNIBI,
assessing its ability to support interactive and
gamified modules. It explores whether the existing
system can integrate dynamic XP trackers, secure
badge repositories, and real-time leaderboards. The
results of this analysis guide the customization and
development of the Technopreneur Portal, ensuring
the platform's readiness to support gamification
features without performance issues.
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Table 1. Competency Objective Alignment in the BI

Curriculum
Core Specific Target
Competency | Technical/Busines | Cognitive
Domain s Skill Required Outcome
Data Scraping, cleaning, | Procedural
Aggregation | and structuring raw | Application
datasets.
Predictive Utilizing Synthesis and
Analytics regression models | Evaluation
to forecast market
trends.
Data Engineering Comprehensio
Visualizatio | dashboards n and
n (Tableau/Power Application
BI) for clarity.
Startup Formulating Higher-Order
Validation pivot/persevere Critical
decisions based on | Thinking
data.
3.2 Design Phase

In the Design phase, a detailed blueprint for the
gamified learning experience is created. The design
process ensures that game mechanics align with the
pedagogical goals of the BI and Technopreneurship
curriculum. This includes restructuring traditional
academic assignments into narrative-driven Business
Quests, transforming passive learning activities into
interactive, mission-based challenges.

e Curriculum Transformation:

The existing course syllabus is restructured to
include interactive gamified elements. For
example, Bl-related tasks such as data cleansing or
market trend analysis are embedded into the
Business Quests. Students will progress through
the quests, earning Experience Points (XP),
unlocking specialized badges, and climbing the
Leaderboard based on their task completion and
analytical success,

e  Game Mechanics and Learning Objectives:
Each quest is designed with specific learning
objectives aligned to the course's core
competencies. For example:

o Data Aggregation Quests: Require students to
clean, structure, and analyze raw datasets
using BI tools such as Tableau or Power BL.

o Predictive Analytics Quests: Engage students
in applying regression models to forecast
market trends, thereby transitioning them
from intuition-based decision-making to data-
driven strategies.
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The game mechanics used include XP, badges,
leaderboards, and experience-based rewards, which are
calibrated to match the learning phases (beginner,

intermediate, advanced)

Table 2. The Gamification Mechanics Matrix:
Integrating SDT and CLT

Game Pedagogi | Psycholog | Cognitive
Mechanic | cal ical Need | Load
Purpose (SDT) Function
Experienc | Granular, | Competen | Reduces
e Points continuou | ce intrinsic
XP) s tracking | (Immediat | load by
of micro- | e rewarding
interactio | Feedback) | incremental
ns (e.g., , micro-step
daily progress.
logins,
completin
g a single
SQL
query).
Business Replaces | Autonomy | Segments
Quests linear, (Choice of | complex BI
chapter- operationa | processes
based 1 into
modules approach) | manageable
with goal- , highly
oriented, focused
problem- schemas.
solving
narrative
challenges
Skill Visual, Competen | Provides
Badges exportable | ce clear,
representa | (Achieve | hierarchical
tion of ment and | learning
mastery in | Status) milestones
specific, without
highly grade
technical anxiety.
domains
(e.g.,
"Data
Architect"
).
Relative Ranks Relatedne | Fosters
Leaderbo | students ss (Social | healthy
ards based on compariso | competitive
the n and engagement
simulated | communit | while
financial y) mitigating
success of discourage
their ment.
venture
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Game Pedagogi | Psycholog | Cognitive
Mechanic | cal ical Need | Load
Purpose (SDT) Function
and
analytical
accuracy.
Experienc | Granular, | Competen | Reduces
e Points continuou | ce intrinsic
XP) s tracking | (Immediat | load by
of micro- | e rewarding
interactio | Feedback) | incremental
ns (e.g., , micro-step
daily progress.
logins,
completin
g a single
SQL
query).
3.3 Development Phase

In the Development phase, the design is
transformed into functional digital assets within the
Technopreneur Portal. This involves system engineering
to integrate game mechanics, interactive content, and BI
software into a cohesive and interactive platform.

e System Integration:

The development process includes integrating
dynamic tracking systems for XP and automated
badge distribution. For example, when students
complete a data visualization quest, the system will
automatically award badges such as '"Data
Architect" or "Market Validator", based on their
proficiency in using BI tools

e Interactive Content Creation:

Traditional static lectures are transformed into
interactive, multimedia-rich quests. For instance, a
Market Demographics Quest might present a
synthetic dataset that students need to clean and
analyze, with immediate feedback provided by the
system based on their performance. The system’s
interactive feedback loops ensure real-time
learning without instructor bottlenecks

3.4 Implementation Phase

The Implementation phase involves deploying
the gamified Technopreneur Portal to the student cohort
and conducting empirical testing. The platform is tested
in a live academic setting over one semester, where
students engage in the gamified learning experience.

e  Onboarding and Initial Familiarization:
A structured Tutorial Quest is introduced to
students, familiarizing them with the system's
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mechanics, user interface, and objectives. The
onboarding phase is designed to be low-stakes and
engaging, ensuring that students can acclimate to
the system before facing the main content quests

e Active Learning Dynamics:

Throughout the semester, students engage with BI
software, interact with the Gamified Business
Quests, and submit their empirical findings. The
instructor’s role shifts from a traditional lecturer to
a facilitator or "Game Master", guiding students
through challenges and fostering collaborative
discussions

3.5 Evaluation Phase

The Evaluation phase focuses on assessing the
effectiveness of the gamified model, including its impact
on student engagement and learning outcomes.

o Formative Assessment and Analytics:

The system’s learning analytics will track key
indicators such as XP acquisition, leaderboard
progress, and quest completion times. Real-time
data will allow for adjustments to the gamified
elements (e.g., adjusting the difficulty level of
quests) if engagement drops or students face
difficulties

e Summative Assessment:
The students' digital business portfolios will be
evaluated for BI competence and entrepreneurial
readiness. These portfolios will be assessed on the
accuracy of data models, the validity of business
decisions, and the practicality of the BI insights.
Additionally, students will receive
cryptographically  verified  Certificates  of
Achievement upon completing the gamified
curriculum, offering proof of competency and
readiness for the industry

4 RESULTS AND DISCUSSION
4.1 Results

The Technopreneur Portal has been successfully
developed as a gamification-based learning system
designed to enhance student engagement and the
mastery of Business Intelligence (BI) in the
Technopreneurship course at FTI UNIBI. Following the
ADDIE instructional design framework, the portal’s
architecture was optimized to handle real-time data
tracking, interactive modules, and gamification
mechanics.
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Figure 2. The Technopreneur Portal interface.

To foster an interactive and immersive learning
experience, the system directly translates traditional
syllabus requirements into specific game mechanics.
The detailed design and implementation of these
gamification elements are as follows:

1. Business Quests and Experience Points (XP):
Traditional linear assignments were reimagined as
"Business Quests" (e.g., Data Aggregation,
Predictive Analytics, and Market Validation). Each
quest is assigned a specific XP value based on its
complexity and cognitive demand. For instance,
successfully cleaning a dataset yields base XP,
while creating a predictive BI dashboard yields
high-tier XP. Alignment with Learning Objectives.
This mechanism shifts the learning paradigm from
a punitive grading system to a reward-based
progression system, encouraging students to learn
through trial and error without the fear of
immediate failure.

2. Skill Badges: Badges act as micro-credentials
awarded upon reaching specific XP thresholds or
mastering a cluster of related quests. For example,
completing all data visualization tasks unlocks the
"Data Architect" badge. Alignment with Learning
Objectives: Badges provide tangible, exportable
proof of specific technical competencies, directly
translating academic efforts into professional
portfolio assets for the students.

3. Relative Leaderboard: Instead of a traditional,
absolute ranking system that might demotivate
lower-performing students, the portal implements a
"Relative Leaderboard." It highlights top overall
performers but primarily shows students the peers
immediately above and below their own rank.
Alignment with Learning Objectives: This design
fosters healthy, continuous competition and peer-
to-peer benchmarking, motivating students to
complete additional quests to climb the ranks
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Figure 3. Team Dashboard interface visualizing
real-time learning progression.

4. Initial Testing and Feedback: During internal
testing, the portal was successfully evaluated for
usability. Early feedback from instructors indicated
that the platform was intuitive and effectively
aligned with the course objectives. Technical

aspects—such as real-time XP calculation,
dynamic badge awarding, and leaderboard
synchronization—performed optimally under

simulated academic conditions.

4.2 Discussion

This section discusses how the developed
gamification elements operationalize psychological
learning frameworks and outlines the implementation
strategy for the upcoming semester.

Alignment with Theoretical Frameworks: The
successful design of the Technopreneur Portal is not
merely a technical achievement but a pedagogical
intervention grounded in established theories:

e Cognitive Load Theory (CLT): Teaching complex,
data-heavy BI subjects often overwhelms students.
By segmenting the syllabus into manageable
"Business Quests," the portal minimizes extranecous
cognitive load. Students must master foundational
quests before unlocking advanced analytical
challenges, ensuring a structured cognitive
scaffold.

e Self-Determination Theory (SDT): The game
elements are explicitly mapped to fulfill students'
psychological needs:
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o Autonomy is facilitated by allowing students
to choose the sequence of non-linear side-
quests and select the industry sectors for their
data analysis.

o Competence is continuously reinforced
through immediate feedback provided by the
XP system and the attainment of Skill Badges.

o Relatedness is cultivated through the Team
Dashboard and Relative Leaderboard, which
build a sense of community and collaborative
competition akin to a real-world startup
ecosystem.

Plans for Implementation: The portal will be fully
deployed in the upcoming semester with a strong focus
on real-world entrepreneurial application. The rollout
will occur in three structured phases:

1. Phase 1 (Onboarding): Students will complete a
"Tutorial Quest" to familiarize themselves with the
portal’s interface, XP mechanics, and educational
objectives. This low-stakes phase reduces initial
technological apprehension.

2. Phase 2 (Active Learning): Students will engage in
core gamified quests, applying BI concepts to real-
world business scenarios. Tasks will range from
data cleaning to designing market analysis
dashboards.

3. Phase 3 (Evaluation and Feedback): Real-time
performance data (via XP and Leaderboard
analytics) will be continuously monitored by
instructors. This data-driven approach allows
educators to track student progress and offer
personalized scaffolding to students struggling
with specific technical tasks.

Anticipated Outcomes: The integration of these
precisely designed gamification elements is expected to
significantly increase student engagement. Furthermore,
the digital business portfolios and Skill Badges
generated through the portal will serve as tangible,
verified evidence of the students' entrepreneurial
readiness and BI proficiency, highly enhancing their
future career prospects [10].

5 CONCLUSION

The The development of the Technopreneur
Portal marks a fundamental pedagogical shift in
integrating gamification with the Business Intelligence
(BI) curriculum at FTI UNIBI. Built upon the ADDIE
framework [7], this study successfully designed a system
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that translates complex, procedural BI concepts into
structured "Business Quests." By aligning with
Cognitive Load Theory (CLT) and Self-Determination
Theory (SDT), the model is specifically engineered to
minimize cognitive overload while fulfilling students'
psychological needs for autonomy, competence, and
relatedness.

To systematically evaluate the impact of this
gamification approach, the portal’s architecture
incorporates built-in learning analytics designed to
capture measurable performance indicators. Unlike
traditional, passive e-learning platforms where
evaluation is limited to final exams, the gamified portal
establishes a continuous evaluation framework. Student
Engagement is quantitatively measured through daily
login frequencies, interaction times, and the completion
rates of optional side-quests. Learning Outcomes are
continuously tracked via the accumulation of Experience
Points (XP) and the successful acquisition of technical
Skill Badges. Entrepreneurial Competencies are
evaluated based on the quality of the final exportable
digital business portfolios, culminating in the issuance of
QR-coded Certificates of Achievement for industry
validation [14], [18].

While the current study focuses on the rigorous
design and development phases, the establishment of
these measurable indicators provides a robust foundation
for the upcoming full implementation in the 2026
academic semester. The gamified model transitions the
educational paradigm from passive observation to
active, experiential startup simulation. Future research
will utilize the portal's integrated analytics to conduct a
longitudinal empirical study, providing a comparative
quantitative analysis between the gamified cohort and
traditional learning cohorts to definitively measure its
impact on data-driven entrepreneurial success.
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Abstract

Cats (Felis catus) express emotional states through subtle facial cues that are often difficult for owners to interpret
accurately. Automated recognition systems can provide objective analysis of these expressions using computer vision
techniques. This study proposes an image-based cat facial expression recognition system using the YOLOv&n
architecture. A dataset of 794 images was collected and expanded to 3,279 images through data augmentation. Four
expression classes were defined based on CatFACS and related frameworks: normal-netral, senang-afiliatif, stres-
takut, and marah-agonistik. The model was trained using a 70:20:10 split for training, validation, and testing.
Experimental results show an overall mAP50 of 0.728, with the highest performance achieved in the senang-afiliatif
class (0.773). However, the marah-agonistik class could not be reliably detected due to severe class imbalance in the
dataset, indicating that the current model remains insufficient for recognizing anger expressions in cats. Precision and
recall reached 0.939 and 0.94 respectively, indicating reliable detection under confident predictions. The trained model
was successfully integrated into a Gradio-based dashboard for real-time expression recognition. These results
demonstrate the feasibility of lightweight YOLOv8n for feline facial expression recognition while highlighting that
accurate detection of marah-agonistik expressions requires a more diverse and balanced dataset in future research.

Keywords: Cat Expression, Computer Vision, Image-based Recognition, YOLO
1 INTRODUCTION they are inherently limited in their ability to localize and
isolate the specific facial region responsible for an

expression. This limitation is particularly critical for
feline expressions, which are subtle and spatially

Recognizing facial expressions is a fundamental
aspect of human communication, allowing individuals to

naturally convey and interpret non-verbal emotional
cues [14]. While interpreting human expressions is
highly intuitive, recognizing the emotions of other
species, such as cats, presents a significant challenge.
Both humans and animals experience emotions, which
are complex responses to internal and external stimuli
often observable through facial expressions [8][14]. For
cats (Felis catus), scientific tools like the Cat Facial
Action Coding System (CatFACS) [15] and the Feline
Grimace Scale (FGS) have been developed to link facial
expressions to internal states, such as pain. However,
human interpretation remains subjective and prone to
error, often resulting in delayed or inaccurate detection
of a cat’s emotional or physical distress [1]. This
highlights the urgent need for an objective, automated
system to advance feline expression classification.

This research focuses on image-based cat facial
expression recognition. While standard image
classification approaches using Convolutional Neural
Networks (CNNs) can assign a label to an entire image,

Publishing services by BPPM UNIBI

concentrated in small facial regions such as the ears,
eyes, and muzzle. Without explicit spatial localization, a
classification model risks being influenced by irrelevant
background features rather than the discriminative facial
cues defined by frameworks such as CatFACS.
Furthermore, Standard CNN-based image classification
models predict a label for the entire image without
explicitly identifying the spatial location of the relevant
facial features [13]. Object detection architectures, by
contrast, generate bounding boxes that constrain the
model’s attention to the relevant facial area, enabling
more precise feature extraction from the subtle action
units that differentiate, for example, a stres-takut
expression from an marah-agonistik one. Therefore, this
study utilizes the You Only Look Once (YOLO)
architecture, a CNN derivative that combines
localization and classification in a single forward pass,
enabling superior performance and the ability to
recognize multiple objects simultaneously [10][13][17].

This is an open access article under the CC-BY-SA license (https://creativecommons.org/licenses/by-sa/4.0/)
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Specifically, the YOLOvS8n architecture was selected
due to its optimal balance of high detection accuracy and
low computational resource requirements, having
demonstrated strong efficacy across various object
detection tasks [22][23][24][16]. This research, titled
“IMAGE-BASED CAT (FELIS CATUS)
EXPRESSION RECOGNITION USING YOLOvVS8n,”
aims to train a model to accurately classify feline
expressions. By utilizing this trained model, cat owners
will be able to distinguish their pets’ expressions from
facial images, thereby improving the monitoring of their
emotional and health conditions.

Based on the background outlined above, this
research addresses several key problems regarding the
automated detection of feline emotions. Primarily, it
investigates how to construct a YOLOv8n model for the
image recognition of cat facial expressions and how to
effectively evaluate its performance. Furthermore, it
explores how to build a user dashboard that allows
individuals to easily utilize the trained model for
recognizing their cats’ expressions via uploaded images.

In alignment with the formulated problems, the
main objective of this research is to develop a
YOLOvS8n-based model capable of accurately
recognizing the facial expressions of cats (Felis catus).
Additionally, the study aims to evaluate and
comprehensively map the metrics detailing the strengths
and weaknesses of the model’s performance, and to
create an integrated dashboard that enables users to
identify their cats’ facial expressions through uploaded
images.

2 LITERATURE REVIEW
2.1 Face Recognition System

Face recognition systems are a critical component
of digital image processing and pattern recognition,
designed to identify individuals or expressions from
visual features. The process encompasses image
acquisition, pre-processing, feature extraction, and
classification. Common applications include FacelD,
FaceUnlock, and Face Authenticator. Generally, face
recognition systems identify or verify individuals by
matching facial features extracted from input images
against stored database entries. Modern systems employ
deep learning algorithms such as Faster-RCNN, YOLO,
and CNN, all of which require a training phase where
features are extracted, layered through neural networks,
labeled, and stored in a database for subsequent
matching. Beyond human identification, this technology
has been applied to animal facial expression analysis,
including the classification of cat and dog expressions,
enabling detection of subtle facial changes linked to
emotional states.
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2.2 Artificial Intelligence

Artificial Intelligence (AI) is a branch of
computer science focused on creating systems capable of
mimicking human thought and decision-making,
enabling large-scale automated data processing and
pattern learning. In the context of cat facial expression
recognition, Al is essential for accurately assessing an
animal’s emotional state from image analysis [13]. Al
can be categorized into Narrow Al designed for specific
tasks such as facial recognition and General Al, a
hypothetical system with human-level capabilities
across domains [18]. This research operates within the
scope of Narrow Al The field encompasses Neural
Networks, Machine Learning, Computer Vision, and
Natural Language Processing in a hierarchical
relationship. Modern Al has shifted from rule-based
approaches to data-driven paradigms enabled by big data
availability and increased computational power through
GPUs.

2.3  Computer Vision

Computer Vision (CV) is a discipline concerned
with enabling machines to interpret and understand
visual data from images or video. It forms the foundation
of facial detection and recognition, applied here for the
automated detection of visual patterns on cat faces [19].
As a specific branch of Al, CV replicates the human
visual system to automate tasks ranging from simple
object recognition to complex scene understanding. Its
general workflow involves image acquisition,
processing/feature extraction, and decision-making.
Core CV tasks include: (a) Image Classification
assigning a label to an entire image; (b) Object Detection
classifying objects and locating them with bounding
boxes; (c) Image Segmentation classifying each pixel
into object classes; and (d) Object Tracking identifying
and following objects across video frames. This research
specifically falls within the object detection domain.
Deep learning-based CV models require thousands to
millions of labeled examples, highlighting the
justification for developing a custom dataset as a key
contribution of this study.

2.4  Machine Learning

Machine Learning (ML) is a sub-field of Al that
develops algorithms enabling systems to improve
performance through experience without explicit
programming [18]. ML paradigms are classified into
three categories: (a) Supervised Learning training on
labeled datasets to learn input-to-output mappings; (b)
Unsupervised Learning discovering hidden patterns or
structures in unlabeled data; and (c) Reinforcement
Learning an agent learns decision-making by interacting
with an environment through reward/penalty feedback.
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This research employs supervised learning, appropriate
for classifying facial expressions into scientifically
defined categories using annotated datasets.

2.5 Deep Learning

Deep Learning (DL) is a branch of ML that
mimics the human brain’s data processing using
artificial neural networks particularly Deep Neural
Networks (DNN) with multiple hidden layers. Each
layer progressively processes and abstracts information,
automating the feature engineering process that
traditional ML requires manually. This makes DL highly
effective for unstructured complex data like images
[18][13]. DL is conceptually a subset within ML, which
is itself a subset within Al. Key architectures include
Convolutional Neural Networks (CNN) for image
processing and NLP, Recurrent Neural Networks (RNN)
for time series and emotion tasks, Reinforcement
Learning for robotics, and Generative Adversarial
Networks (GAN) for image and video generation. DL’s
popularity stems from its superior performance in
classification tasks when large training datasets are
available, supported by frameworks like TensorFlow
and PyTorch.

2.6  Convolutional Neural Networks (CNN)

CNNss are a specialized deep learning architecture
designed for grid-structured data such as images,
comprising convolutional layers, pooling layers, and
fully connected layers. They excel at extracting spatial
features and local patterns [11][13]. Introduced broadly
by Yann LeCun through LeNet-5 in 1998, CNNs
evolved into architectures like AlexNet, VGGNet, and
ResNet. Core layers include:

(a) Convolutional Layer applies filters to produce
feature maps via
S@N=U*K)E) =EmZali+mj+n)-
K(m,n) 2.1
Activation Layer applies non-linear functions like
RelLU;
Pooling Layer reduces spatial dimensions via Max
Pooling; and
Fully Connected Layer flattens high-level feature
maps for final classification.

(b)
(©
(d)

2.7  You Only Look Once (YOLO)

YOLO is a family of object detection algorithms
that reframes detection as a single regression problem,
performing classification and localization
simultaneously in one network pass. YOLOVS,
introduces three main components: (a) Backbone
extracts visual features using a CSP-inspired design with
the C2f module for richer gradient flow; (b) Neck
aggregates multi-scale feature maps using PANet and
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SPPF for efficient receptive field expansion; and (c)
Head generates final predictions using an Anchor-Free
approach and Decoupled Head separating classification
and bounding box regression. The total loss function is

Livorove) = Aas)Licats) + Awox) Lwox) + AcamLicam

2.2)
combining Binary Cross-Entropy for classification,
CloU for bounding box accuracy, and Distribution Focal
Loss for flexible coordinate modeling. YOLOv8 offers
size variants (n, s, m, 1, x); the Nano (n) variant is
optimized for real-time and resource-constrained
deployment.

2.8 Cat Facial Expressions

Cat facial expressions are important indicators of
emotional and psychological states. Features such as ear
position, eye shape, and mouth expression can reflect
fear, comfort, or discomfort. Cats (Felis catus)
communicate through vocalizations, body language, and
specific gestures, though their subtle communication
style is often difficult for owners to interpret [15][4].
Facial expressions rank third in frequency among cat
communication methods, appearing primarily when
vocalizations and body language are insufficient.
Notably, cat emotions show heterospecific similarities
with human emotions purring parallels human
happiness, while hissing parallels anger [19][14].

2.9  Cat Facial Action Coding System (CatFACS)

CatFACS is an objective coding system adapted
from the human Facial Action Coding System (FACS)
that decomposes cat facial expressions into individual
muscle movements called Action Units (AUs) and
Action Descriptors (ADs), without subjective emotional
interpretation [19][5]. Applications include pain
assessment forming the basis for the Feline Grimace
Scale (FGS) social interaction analysis (distinguishing
affiliative from non-affiliative interactions), and facial
mimicry studies [6]. Manual CatFACS coding is time-
consuming and prone to bias, leading to computational
approaches: (a) Landmark-based methods using
anatomical keypoints (e.g., 48-landmark schemes)
analyzed with ML models; and (b) Deep learning
approaches using CNNs for direct classification without
manual AU coding, though these are less interpretable as
black-box models.

2.10 Cat Facial Landmarks in the Wild (CatFLW)

Facial landmarks are key points on the face
whose positions provide critical information for
automated analysis tasks [5]. In computational contexts,
these landmarks form the basis of geometric
morphometric approaches, where specific points placed
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on images represent facial shape and enable
quantification of facial changes associated with internal
conditions such as pain. Automatic facial landmark
detection supports applications including pain
classification [9] and emotion recognition [4]. This
landmark-based approach also enhances model
explainability, as geometric changes can be directly
linked to CatFACS Action Units unlike black-box deep
learning models that are difficult to interpret.

3 RESEARCH METHODS

The research methodology used consists of five
main stages, as shown in the figure 1.

? e

I Literature Review l Training, Validation. Tbllngl

v v

| Field Observation | |

> Data Collection

Evaluation ‘

Model Integration

Preprocessing

Data Augmentation

Data Augmentation

Demonstration
Data Augmentation

{ Model Output ~ /

Figure 1. Research Flow

As this study follows eight sequential stages. A
Literature = Review  establishes the theoretical
foundations, organized into a Research Comparison
Table to define the research focus. Data Gathering
collects images from online sources and field
acquisition, followed by Pre-Processing where images
are cropped and labeled for standardization. The dataset
is then split into Training (70%), Validation (20%), and
Testing (10%) subsets, with Data Augmentation
horizontal flipping, rotation, brightness adjustment, and
blurring applied exclusively to training data. Model
Training runs iteratively to maximize accuracy and
minimize validation loss, after which the model is
Evaluated via Confusion Matrix to derive Precision,
Recall, F1-Score, and Accuracy. If metrics meet the
required threshold, the model is saved and integrated into
a user-facing Dashboard.
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4 RESULTS AND DISCUSSION

4.1 Data Collection

Data collection was carried out by obtaining datasets
from the Roboflow website and field observations.
Images from Roboflow were gathered and merged into a
new dataset comprising 794 cat images used for model
training. Field-collected data was reserved for model
demonstration.

4.2 Data Annotation

Data labeling was performed using the annotation
feature available on the Roboflow platform. A portion of
the dataset was obtained from Roboflow’s public dataset
repository, where the images already contained validated
labels. These labels were retained and converted from
image classification format (CNN) to object detection
format compatible with YOLO.

For the images collected independently through field
observation, annotation was conducted manually by the
researchers. Bounding boxes were drawn around each
cat face and each image was assigned to one of four
predefined expression classes: normal-netral, senang-
afiliatif, stres-takut, and marah-agonistik.

The labeling process followed the facial action
indicators described in the Cat Facial Action Coding
System (CatFACS) and related frameworks such as the
Feline Grimace Scale (FGS) and CatFLW. These
frameworks define feline facial expressions through
combinations of observable facial features, including ear
position, eye aperture, muzzle tension, and whisker
orientation.

During annotation, the researchers examined these
facial cues and assigned labels according to the dominant
facial configuration observed in each image. This
guideline-based annotation process was used to maintain
consistency with established scientific interpretations of
feline facial expressions.

4.3  Dataset Splitting

The labeled dataset was split with a 70:20:10 ratio
for training, validation, and test sets, respectively.

Distribusi Dataset Ekspresi Kucing

200 1

150

001

e guatt

gprand

it o
ares ™ i

Ekspres Kucing

Figure 2. Dataset Split Distribution
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4.4  Preprocessing and Data Augmentation

SisInfo Vol. 8 No. 1 (2026), 77-85

agnostik

Auto-orientation was applied to prevent the
model from failing on images with improper orientation.
Data augmentation was then applied exclusively to the
training data to increase variation, including: random
rotation, horizontal flip, brightness adjustment, blur
effect, cutout, and saturation adjustment. This was
carried out using Google Collaboratory.

Table 1. Dataset Size Before and After Augmentation

Type Before After
Training 556 3,041
Validation 158 158
Test 80 80
Total 794 3,279

The training set grew from 556 to 3,041 images
an increase of 312.97% bringing the total dataset to
3,279 images.

4.5 Model Training

The augmented training data was used to train a
YOLOvV8n model for 300 epochs with an early-stopping
patience of 25. Early stopping halted training at epoch
54 due to signs of overfitting, indicated by slight spikes

in the validation loss curves.

Grafik Training & Validation Loss per Epoch

30 Validation Box Loss

— Training Class Loss
| 0
i

-=- validation Class Loss

25

Epoch

Figure 3. Model Training Graph

4.6  Testing and Evaluation

After training, the model was evaluated on the
validation and test sets. The overall mAP50 was 0.728
(72.8%), with the best per-class result for ‘senang-
afiliatif’ at 0.773 (77.3%). Table 3 presents the full

results.
Table 2. Model Test Results
mAP  FlI-
Class Imgs Inst Box R mAP50 50.95  Score
all 158 148 0.657 0.68 0.728 0.486 0.78
kucing 32 32 0.719 0.75 0.785 0.542 0.68
normal 48 49 0593 062 0655 0453 70
netral
senang 0.68
afiliatif 38 38 0.699 0.67 0.773 0.505
stres 29 29 0617 070 069 0443 067
takut
marah 11 11 0.00 0.00 0.00 0.00 0.00
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The marah-agonistik class obtained a precision,
recall, and Fl-score of 0.00, indicating that the model
failed to detect any instance of this class in the evaluation
dataset. This complete failure suggests that the model did
not learn discriminative features for the marah-agonistik
expression during training.

The failure to detect the marah-agonistik class is
primarily attributed to severe class imbalance in the
dataset. The class contains only 159 images,
significantly fewer than the other classes (normal-netral
=223, senang-afiliatif = 1877, stres-takut = 178). In deep
learning models, such imbalance causes the model to
bias its learning toward the majority classes, reducing its
ability to generalize features for underrepresented
classes. As a result, the trained model did not produce
any confident predictions for the marah-agonistik
expression, leading to zero precision, recall, and FI1-
score.

The confusion matrix (Figure 5) confirms that the
model performed well on ‘normal-netral’ (29 correct),
‘senang-afiliatift (27 correct), and ‘stres-takut’ (20
correct), but failed to recognize ‘marah-agonistik’.

s
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senang-afiliatif -
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Predicted

stres-takut -

marah-agonistik -
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kucing -
normal-netral -
senang-afiliatif -
stres-takut
marah-agonistik -
background

True

Figure 5. Confusion Matrix
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The precision-confidence curve reached 0.939
(93.9%) for all classes combined, indicating the model
reliably detects expressions when confident. The recall-
confidence curve shows 94% recall, meaning the model
can remember 94% of the learned patterns.

Figure 6. Precision-Confidence , Recall-Confidence,
and Precision-Recall Curve

The precision-recall curve shows the combined
detection capability at 72.8% (0.728), confirming that
the model is suitable for integration into a dashboard
interface.

4.7  Dashboard Integration

A Gradio-based dashboard was developed using
Google Colab to allow users to interact directly with the
trained model. Users can upload a cat image and submit
it for expression prediction.
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igure 7. Dashboard Interface #1 |
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Figure 8. Dashboard Interface #2

4.8 GradCAM Analysis

GradCAM (Gradient-weighted Class Activation
Mapping) was applied to the trained model to visualize
which regions of the input image the model focuses on.
The model consists of 22 layers; layer 0 (input) and layer
21 (pre-output) were selected for comparison.

Figure 9. Model Detection Output

Figure 10. GradCAM Layer 0

4.9  Research Analysis

The model trained on 3,279 images across four
expression classes successfully recognized three classes.
The ‘marah-agonistik’ class failed entirely due to class
imbalance it contained only 159 images, compared to
223 (normal-netral), 187 (senang-afiliatif), and 178
(stres-takut), as shown in Figure 10. Augmentation
widened this imbalance further.
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Distribution of Data Counts per Class
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Figure 11. Class Distribution Comparison

Despite this limitation, the remaining three
classes achieved mAP50 values above 50%: senang-
afiliatif at 77.3%, stres-takut at 69.9%, and normal-
netral at 65.5%. These results demonstrate that the
model is viable for integration in real-world applications,
provided additional data for the ‘marah-agonistik’ class
is collected to address the imbalance.

5 CONCLUSION

This study presents the development of an image-
based cat facial expression recognition system using the
YOLOv8n object detection architecture. The
experimental results demonstrate that the proposed
model is capable of recognizing several feline facial
expression categories with satisfactory performance.
Specifically, the model achieved reliable detection
results for the normal-netral, senang-afiliatif, and stres-
takut classes, with mAP50 values above 0.65 and an
overall mAP50 of 0.728. These results indicate that the
YOLOVSn architecture can effectively extract relevant
facial features associated with subtle feline expressions
and perform real-time detection when integrated into an
application interface.

This research makes several contributions to the
field of animal facial expression recognition. First, it
demonstrates the feasibility of applying a lightweight
object detection architecture (YOLOv8n) for
recognizing subtle feline facial expressions from images.
Second, the study constructs and organizes a dataset of
cat facial images categorized into four expression classes
(normal-netral, senang-afiliatif, stres-takut, and marah-
agonistik), providing a structured dataset suitable for
supervised learning in feline expression analysis. Third,
the research implements a practical deployment scenario
by integrating the trained model into a Gradio-based
dashboard, enabling users to interact with the model and
perform real-time expression recognition.

However, the evaluation results reveal that the
model completely failed to detect the marah-agonistik
class (F1-score = 0.00). This outcome indicates that the
model was unable to learn discriminative features for
this expression during training. Further analysis shows
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that this limitation is primarily caused by severe class
imbalance in the dataset, where the number of marah-
agonistik samples is significantly lower than the other
expression classes. As a consequence, the model
becomes biased toward the majority classes and fails to
generalize to underrepresented categories.

Despite this limitation, the trained model was
successfully integrated into a Gradio-based dashboard
that allows users to upload cat images and obtain
expression predictions in real time. This demonstrates
the practical feasibility of implementing lightweight
object detection models for assisting cat owners in
monitoring their pets' emotional conditions through
facial expression analysis.

Future research should focus on improving
dataset balance and diversity, particularly by collecting
additional samples representing the “marah-agonistik”
expression. Expanding the dataset, improving annotation
consistency, and exploring advanced techniques such as
transfer learning, class re-weighting, or alternative deep
learning architectures may further improve the
robustness and generalization capability of the model for
feline facial expression recognition.
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