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Abstract

Determining student graduation is an important indicator of educational success. However, the
graduation decision-making process is often conducted using conventional methods, which may
lead to subjectivity and inconsistency. This study aims to analyze and compare the performance of
the Rough Set and Decision Tree (C4.5) algorithms in classifying student graduation based on
academic and non-academic attributes. The dataset used in this study includes academic average
scores, attendance, behavior, and moral character obtained from historical student data. The Rough
Set method is applied to generate decision rules through attribute reduction, while the Decision
Tree (C4.5) algorithm is used to construct a classification model based on entropy, information
gain, and gain ratio. The results show that both methods are capable of producing accurate
classification models, although they differ in terms of model representation and interpretability.
Rough Set generates simpler and more interpretable decision rules, whereas Decision Tree
provides a hierarchical structure that is easier to visualize and analyze. Therefore, this study
contributes to the development of a more objective, transparent, and effective decision support
system for student graduation classification.
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Introduction

Education plays a crucial role in developing human resources and shaping individuals who
are intellectually capable, socially responsible, and morally grounded. At the elementary school
level, education serves as the foundation for students’ cognitive, affective, and psychomotor
development. The success of this stage is often reflected in students’ graduation outcomes, which
indicate whether learners have achieved the required academic competencies and character
standards established by educational institutions [1]-[3]. Therefore, student graduation is
considered a key indicator of educational quality and effectiveness [4], [5].

However, determining student graduation is a complex process that involves multiple
assessment criteria. Graduation decisions are not solely based on academic performance but are
also influenced by non-academic factors such as attendance, behavior, and moral character. These
factors collectively represent the holistic development of students. In practice, many schools still
rely on conventional evaluation methods, such as averaging scores and subjective judgments from
educators. Such approaches may lead to inconsistencies, bias, and reduced accuracy, particularly
when dealing with large volumes of data [6].

With the rapid advancement of information technology, data-driven decision-making has
become increasingly important in the education sector. Data mining techniques can be utilized to
process large datasets and extract meaningful patterns to support decision-making processes [7],
[8]. In educational contexts, data mining has been widely applied to predict student performance,
analyze learning behavior, cluster students based on academic ability, and classify graduation
outcomes. By applying these techniques, educational institutions can make more objective,
accurate, and transparent decisions.

Classification is one of the main tasks in data mining that aims to assign data objects into
predefined categories based on certain attributes. In the context of student graduation, classification
techniques can be used to determine whether a student passes or fails based on academic and non-
academic attributes. Several classification algorithms have been widely used in educational data
mining, such as Decision Tree, Naive Bayes, K-Nearest Neighbor, and Support Vector Machine.
However, many of these methods require large datasets, rely on probabilistic assumptions, or
involve complex parameter tuning, which may not always be suitable for educational data that
often contains uncertainty and inconsistency [9]-[11].

One method that is well-suited for handling uncertain and incomplete data is the Rough Set
method [12]. Rough Set theory provides a mathematical approach to deal with vagueness and
ambiguity in data without requiring additional information such as probability distributions or
membership functions. Its main advantage lies in its ability to perform attribute reduction and
generate decision rules that are easy to interpret [11], [13], [14]. Through the reduction process,
irrelevant attributes can be eliminated while preserving essential information, resulting in a simpler
yet effective classification model.

Previous studies have shown that the Rough Set method is effective in various domains,
including education. It has been used to predict learning outcomes, analyze student performance,
and identify key factors influencing academic success. Compared to other classification methods,
Rough Set produces transparent and deterministic decision rules, which are particularly beneficial
in educational environments where interpretability and fairness are essential [15]. However, its
application in classifying student graduation at the elementary school level remains limited,
creating opportunities for further research [16].

At Public Elementary School 064983, determining student graduation remains a challenge
due to the increasing number of students and the complexity of assessment data. Graduation
decisions must consider not only academic achievement but also attendance, behavior, and moral
character. Without a structured and data-driven approach, the decision-making process may
become less objective and inconsistent. Therefore, it is necessary to implement a classification
method that can handle multiple attributes and provide clear decision rules to support educators
and school administrators [17]-[19].
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Previous research in educational data mining has mainly focused on predicting academic
performance using classification methods that often function as black-box models, limiting
interpretability for educators. Additionally, most studies emphasize academic factors without fully
integrating behavioral and moral aspects into the classification process. Furthermore, there is still
limited evidence regarding which attributes are most influential in determining graduation
decisions, particularly whether attendance remains significant after attribute reduction. This
indicates a research gap in developing a transparent and efficient classification approach that
integrates both academic and non-academic dimensions.

Based on these considerations, this study aims to compare the Rough Set method and the
Decision Tree (C4.5) algorithm in classifying student graduation using both academic and
nonacademic data. The attributes used include academic average scores, attendance, behavior, and
moral character. The expected outcome of this study is a classification model and a set of decision
rules that can accurately determine student graduation status. Furthermore, this research is
expected to contribute to the development of an objective, transparent, and effective decision
support system in the education sector.

Literature Review

Recent studies in educational data mining have explored various classification techniques to
improve the accuracy and objectivity of decision-making processes in education. Several
researchers have applied classification algorithms to predict student performance and graduation
outcomes based on academic data. These studies highlight the importance of utilizing data-driven
approaches to enhance educational quality and reduce subjectivity in evaluation processes [18],
[19].

The Decision Tree algorithm, particularly C4.5, has been widely used due to its ability to
generate clear and interpretable classification models. Previous research has demonstrated that
Decision Tree methods can effectively classify student performance and identify key factors
influencing academic success. The use of entropy and information gain enables the algorithm to
select the most relevant attributes, resulting in a structured and easily understandable decision
model [20], [21].

In addition to Decision Tree, the Rough Set method has also been applied in various studies
to handle uncertainty and reduce data complexity. Research shows that Rough Set is capable of
identifying essential attributes through the reduction process and generating deterministic decision
rules that are easy to interpret. This makes it particularly suitable for educational applications
where transparency and explainability are required [22], [23].

Several comparative studies have also been conducted to evaluate the performance of
different classification algorithms in educational data mining. These studies indicate that no single
method is universally superior, as each algorithm has its own strengths and limitations depending
on the characteristics of the dataset. Decision Tree algorithms tend to perform well in terms of
visualization and hierarchical decision-making, while Rough Set excels in attribute reduction and
rule-based interpretation [24].

However, most existing studies focus primarily on academic attributes and do not fully
incorporate non-academic factors such as behavior, attendance, and moral character. Furthermore,
there is still limited research that directly compares the Rough Set and Decision Tree methods
specifically in the context of student graduation classification at the elementary school level. This
indicates a research gap that needs to be addressed.

Therefore, this study proposes a comparative analysis between the Rough Set method and
the Decision Tree (C4.5) algorithm by integrating both academic and non-academic attributes. This
approach is expected to provide a more comprehensive understanding of classification
performance and to identify the most suitable method for supporting decision-making in student
graduation evaluation.

Page 6282 of 6296



Rani Afrina, Muhammad Iqbal, Leni Marlina
Research Methodology Research Stages
This research was conducted using quantitative research methods with a data mining
(classification) approach through several stages that were systematically arranged to ensure that
the research process was structured and the results obtained were in accordance with the research
objectives. The research stages began with problem identification and ended with the evaluation
of student graduation classification results. In general, the research flow can be seen in the
following diagram is shown in Figure 1:
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Figure 1. Research Stage Diagram
The research stages outlined in this flowchart describe the research process that will be
undertaken as well as the research as a whole. The stages can be described as follows:
a. Problem Identification
Problem identification is the process of finding, recognizing, and formulating a problem that
needs to be solved.
b. Data Collection
Collecting data from sources such as student academic data, including academic grades,
attendance, and behavior, requires checking for completeness before entering the
preprocessing stage.
c. Data Processing
Collecting, cleaning, analyzing, and displaying data so that it is easier to use and interpret is
known as data processing.
d. Applying Methods
In this study, the author uses a classification data mining technique with the Rough Set algorithm
to find solutions to a research problem.

e. Testing Data
At this stage, the results of the analysis from the application of the Rough Set algorithm are
presented. These results provide an overview of the main factors that influence student
graduation classification.
f. Conclusion
This study will produce rules in the conclusions obtained from the classification of student
graduation.

Problem Solving Methods

The problem-solving method in this study uses the Rough Set algorithm, which is a classification
method in data mining for handling uncertain and incomplete data. The Rough Set algorithm
used in the calculation process in this study can be explained as follows Figure 2:
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Figure 2. Rough Set Algorithm Flowchart Source:
[1]

a. Decision System: The initial stage of the decision system consists of a collection of data
containing condition attributes and decision attributes (classes). This data is used for
classification and analysis.

b. Equivalence Class: A group of data that has the same condition attribute values. The purpose of
this stage is to collect objects that have comparable characteristics.

c. Discernibility Matrix: Determines pairs of objects that can be distinguished based on condition
attributes. This matrix helps find attributes that are relevant in distinguishing data. The Modulo
D matrix is modified by considering decision attributes (D), so that only attributes relevant to a
particular class are considered.

d. Discernibility Matrix Modulo D: The Discernibility Matrix is modified by considering the
decision attribute (D), so that only attributes related to a particular class are taken into
consideration.

e. Reduction: This process simplifies attributes without losing important information.
Unimportant attributes are eliminated, so that only the main attributes are used.

f. Generate Rules: Classification rules are created from the reduction results. Using these rules,
we can see the relationship between condition attributes and decisions. This can then be used
for prediction or classification of new data.

One important component of the research is the data collection process. The data collection

methods used in this study consist of the following procedures: a. Observation

This research was conducted through direct observation at State Elementary School 064983,
with a focus on monitoring and storing academic data related to the number of elementary
school graduates in the previous period. This observation was conducted to explore the
practices of collecting, compiling, and managing academic data relevant to student graduation
classification using the Rough Set method based on academic data.

b. Academic Data

Information related to student academic performance, which typically includes
academic grades, attendance, behavior, and character. Results

Data Analysis

After the students' academic data has been collected, the data analysis stage is carried out. In the

context of this study, the information analyzed comes from the students' academic data. The

researcher selected important attributes, such as academic grades, attendance, behavior, and
character, to be used in the Rough Set model. After the data was collected in Table 1, it was
processed using software such as Rosetta to build the Rough Set model used in the data processing.

Table 1. Dataset on Graduation of Students at Public Elementary School 064983 (Source :
Research Conducted)

Respond _Nilai
en Aga PK B.nd Mate IP IP Seni PJO Mulo Kehadir Perila Budi
ma N 0 matik A S Buda K k an ku Peker

a ya ti
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R1
R2

R3
R4
R5
R6
R7
R8
R9
R10
R11
R12
R13
R14
R15
R16
R17

RI18

R108

80 8 8 83 82 86 78 81 76 100 90 90
8.1 787 757 747 78. 79 804 812 768 100 90 90
3
81.6 767 747 752 79. 79. 794 802 778 100 90 90
305
721 72 712 70  70. 71. 72 71 70 80 60 65
4 2
83.1 777 762 752 70. 76. 769 812 763 100 75 75
4 5
8.1 767 772 757 76. 77, 779 817 763 100 90 90
35
85.1 738 756 781 77. 76 742  81.1 778 100 90 90
3
80.1 752 782 754 71. 75. 80.1 722 782 100 90 90
6 2
792 763 778 794 78. 76. 755 772 786 100 90 90
19
777 782 785 77 78. 79. 8.4 766 81.8 100 90 90
1 6
863 854 862 865 85. 85. 849 854 81.1 100 80 85
2 9
779 78.1 766 758 77 75. 749 766 772 100 90 90
2
767 748 744 76 79. 78. 77 774 74 100 90 90
18
81.5 812 819 794 82. 83. 845 815 841 100 90 90
3001
859 882 844 854 82. 85. 866 871 84 100 90 90
501
844 867 835 778 82. 82. 844 848 748 100 90 90
5 5
816 815 797 765 77. 80. 81.6 803 758 80 65 65
8§ 9
794 762 802 764 76. 78. 787 783 792 100 90 90
3001
773 837 769 794 81. 78. 777 754 755 100 90 90
2 6

Results of Rough Set Method Application

This study produced a classification model for elementary school student graduation by applying
the Rough Set method based on academic data. The results obtained were the output of a series of
data analysis processes that included initial data review, transformation of numerical data into
categorical form, formation of a decision system, and extraction of decision rules using Rosetta
software. Each stage was carried out sequentially to ensure the validity and consistency of the
classification results.
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Description and Evaluation of Research Data
The analyzed dataset consists of 108 data points from students at Public Elementary School
064983, collected during the period from 2021 to 2024. The data includes academic and
nonacademic attributes used as the basis for determining student graduation. Academic attributes
are represented by average learning scores, while non-academic attributes include attendance,
behavior, and character. An initial evaluation of the data shows that most students are in the
moderate to high academic category with relatively consistent attendance rates. However, a small
number of students were found to have low academic scores and poor behavior. The initial dataset
used in this study is presented in Table 2, containing students’ academic performance, attendance,
behavior, moral character, and graduation decisions.

Table 2. Initial Data

Respond Tahu Rata - Rata Kehadiran Perilak Budipeke Keputusa
en n Akademik (%) u rti n

R1 2021 81,44 100 90 90 Lulus
R2 2021 78,54 100 90 90 Lulus
R3 2021 78,27 100 90 90 Lulus
R4 2021 71,10 80 60 65 Eﬁil;
RS 2021 77,06 100 75 75 Lulus
R6 2021 69,32 100 90 90 Lulus
R7 2021 77,67 100 90 90 Lulus
RS 2021 76,24 100 90 90 Lulus
R9 2021 77,67 100 90 90 Lulus
R10 2021 79,32 100 90 90 Lulus
R11 2021 85,21 100 80 85 Lulus
R12 2021 76,59 100 90 90 Lulus
R13 2021 76,02 100 90 90 Lulus
R16 2021 82,38 100 90 90 Lulus
R17 2021 79,52 80 65 65 Lulus
R18 2021 78,09 100 90 90 Lulus
R19 2021 77,81 100 90 90 Lulus
R20 2021 83,49 100 90 90 Lulus
R21 2021 76,91 100 90 90 Lulus
R22 2021 79,32 100 90 90 Lulus
R23 2021 85,21 100 90 90 Lulus
R24 2021 77,68 100 90 90 Lulus
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R25 2021 78,78 100 90 90 Lulus
R26 2021 77,01 100 90 90 Lulus
R27 2021 78,51 100 90 90 Lulus
R28 2021 78,41 100 90 90 Lulus
R29 2021 82,17 100 90 90 Lulus
R30 2021 85,47 100 90 90 Lulus
R31 2021 82,18 100 90 90 Lulus
R32 2022 82,13 100 90 90 Lulus
R33 2022 81,36 100 90 90 Lulus
R34 2022 79,49 100 90 90 Lulus
R35 2022 80,96 100 90 90 Lulus
R36 2022 78,00 100 90 90 Lulus
R37 2022 79,94 100 90 90 Lulus
R38 2022 79,11 100 90 90 Lulus
R39 2022 78,10 100 90 90 Lulus
R40 2022 78,03 100 90 90 Lulus
R41 2022 78,82 100 90 90 Lulus
R42 2022 81,69 100 90 90 Lulus
R43 2022 77,73 100 90 90 Lulus
R44 2022 79,56 100 90 90 Lulus
R45 2022 81,70 100 90 90 Lulus
R46 2022 76,27 100 90 90 Lulus
R47 2022 76,59 100 90 90 Lulus
R48 2022 76,47 100 90 90 Lulus
R49 2022 82,17 100 90 90 Lulus
R50 2022 85,47 100 90 90 Lulus
R51 2022 82,17 100 90 90 Lulus
R52 2022 85,47 100 90 90 Lulus
R53 2022 83,08 100 90 90 Lulus
R54 2022 81,11 100 90 90 Lulus
RS5 2022 78,82 100 90 90 Lulus
R56 2022 81,69 100 90 90 Lulus
R57 2022 77,73 100 90 90 Lulus
R58 2022 79,56 100 90 90 Lulus
R59 2022 81,70 100 90 90 Lulus
R60 2023 75,32 100 90 90 Lulus
R61 2023 83,22 70 50 60 Lulus
R62 2023 78,54 100 90 90 Lulus

Page 6287 of 6296



Rani Afrina, Muhammad Iqbal, Leni Marlina

R63 2023 78,27 100 90 90 Lulus

Tidak
R64 2003 B0 85 78 77 Lulus
R65 2023 77,06 90 60 70 Lulus
R66 2023 69,32 100 90 90 Lulus
R67 2023 77,88 100 90 90 Lulus
R68 2023 77,10 100 90 90 Lulus
R69 2023 80,27 100 90 90 Lulus
R70 2023 76,16 100 90 90 Lulus
R71 2023 76,66 100 90 90 Lulus
R72 2023 75,71 100 90 90 Lulus
R73 2023 76,04 100 90 90 Lulus
R74 2023 75,43 100 90 90 Lulus
R75 2023 77,54 100 90 90 Lulus
R76 2023 76,49 100 90 90 Lulus
R77 2023 7827 100 90 90 Lulus
R78 2023 77,67 100 90 90 Lulus
R79 2023 76,24 100 90 90 Lulus
RS0 2023 77,67 100 90 90 Lulus
R81 2024 79,52 100 90 90 Lulus
RS2 2024 78,09 100 90 90 Lulus
R83 2024 77,81 75 80 80 Lulus
R84 2024 83,49 100 90 90 Lulus
RSS 2024 76,91 100 90 90 Lulus
R86 2024 79,32 100 90 90 Lulus
R87 2024 8521 100 90 90 Lulus
RSS 2024 76,59 100 90 90 Lulus
RS89 2024 76,47 100 90 90 Lulus
R90 2024 82,17 100 90 90 Lulus
R91 2024 8547 100 90 90 Lulus
R92 2024 83,08 100 90 90 Lulus
R93 2024 81,11 100 90 90 Lulus

Tidak
R94 2004 B0 100 75 75 Lulus
R95 2024 75,50 100 90 90 Lulus
R96 2024 78,46 100 90 90 Lulus
R97 2024 78,03 100 90 90 Lulus
R98 2024 78,82 100 90 90 Lulus
R99 2024 81,69 100 90 90 Lulus
R100 2024 77,73 100 90 90 Lulus
R101 2024 79,56 100 90 90 Lulus
R102 2024 81,70 100 90 90 Lulus
R103 2024 7627 100 90 90 Lulus
R104 2024 77,68 100 90 90 Lulus
R105 2024 78,78 90 90 90 Lulus
R106 2024 77,01 100 90 90 Lulus
R107 2024 78,51 100 90 90 Lulus
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R108 2024 78,41 100 90 90 Lulus

Data Transformation through Discretization
The Rough Set method requires categorical data, so numerical data must be transformed

through a discretization process. Discretization is performed to simplify data representation
without losing essential information that affects graduation decisions. Academic attributes are
grouped into low, medium, and high categories. Attendance attributes are divided based on student
attendance percentages, while behavior and character attributes are classified into poor, fair, and
good categories. The determination of category boundaries is based on school evaluation standards
and data distribution characteristics. Before student academic data is used in the classification
process using the Rough Set method in Rosetta software, the numerical data is first converted into
categorical form (discretization). The converted data includes academic average scores,
attendance, behavior, and character. a. Academic Average

1. Low: score below 75

2. Medium: score between 75 and 80

3. High: score above 80
b. Attendance (%)

1. Low: less than 85%

2. Moderate: between 85% and 95%

3. High: above 95%
c. Behavior

1. Poor: score below 70

2. Fair: score between 70 and 85

3. Good: score above 85
d. Character

1. Poor: score below 70

2. Fair: score between 70 and 85

3. Good: score above 85

Before applying the Rough Set method, numerical student data were transformed into
categorical form through a discretization process. The results of the data discretization process are
presented in Table 3, which shows the categorical transformation of student academic and
nonacademic attributes.
Tabel 3. Hasil Diskretisasi Data Siswa

Respondents Year Academic Attendance Behavior Moral Character Decision

R1 2021 High High Good Good Pass
R2 2021 Medium  High Good Good Pass
R3 2021 Medium  High Good Good Pass
R4 2021 Low Low Poor Poor Fail
RS 2021 Medium  High Fair Fair Pass
R6 2021 Low High Good Good Pass
R7 2021 Medium  High Good Good Pass
R8 2021 Medium  High Good Good Pass
R9 2021 Medium  High Good Good Pass
R10 2021 Medium  High Good Good Pass
R11 2021 High High Fair Fair Pass
R12 2021 Medium  High Good Good Pass
R13 2021 Medium  High Good Good Pass
R16 2021 High High Good Good Pass
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R17 2021 Medium  Low Poor Poor Pass
R18 2021 Medium  High Good Good Pass
R19 2021 Medium  High Good Good Pass
R20 2021 High High Good Good Pass
R21 2021 Medium  High Good Good Pass
R22 2021 Medium  High Good Good Pass
R23 2021 High High Good Good Pass
R24 2021 Medium  High Good Good Pass
R25 2021 Medium  High Good Good Pass
R26 2021 Medium  High Good Good Pass
R27 2021 Medium  High Good Good Pass
R28 2021 Medium  High Good Good Pass
R29 2021 High High Good Good Pass
R30 2021 High High Good Good Pass
R31 2021 High High Good Good Pass
R32 2022 High High Good Good Pass
R33 2022 High High Good Good Pass
R34 2022 Medium  High Good Good Pass
R35 2022 High High Good Good Pass
R36 2022 Medium  High Good Good Pass
R37 2022 Medium  High Good Good Pass
R38 2022 Medium  High Good Good Pass
R39 2022 Medium  High Good Good Pass
R40 2022 Medium  High Good Good Pass
R41 2022 Medium  High Good Good Pass
R42 2022 High High Good Good Pass
R43 2022 Medium  High Good Good Pass
R44 2022 Medium  High Good Good Pass
R45 2022 High High Good Good Pass
R46 2022 Medium  High Good Good Pass
R47 2022 Medium  High Good Good Pass
R48 2022 Medium  High Good Good Pass
R49 2022 High High Good Good Pass
R50 2022 High High Good Good Pass
R51 2022 High High Good Good Pass
R52 2022 High High Good Good Pass
R53 2022 High High Good Good Pass
R54 2022 High High Good Good Pass
R55 2022 Medium  High Good Good Pass
R56 2022 High High Good Good Pass
R57 2022 Medium  High Good Good Pass
R58 2022 Medium  High Good Good Pass
R59 2022 High High Good Good Pass
R60 2023 Medium  High Good Good Pass
R61 2023 High Low Poor Poor Pass
R62 2023 Medium  High Good Good Pass
R63 2023 Medium  High Good Good Pass
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R64 2023 Low Moderate Fair Fair Fail
R65 2023 Medium  Moderate Poor Fair Pass
R66 2023 Low High Good Good Pass
R67 2023 Medium  High Good Good Pass
R68 2023 Medium  High Good Good Pass
R69 2023 Medium  High Good Good Pass
R70 2023 Medium  High Good Good Pass
R71 2023 Medium  High Good Good Pass
R72 2023 Medium  High Good Good Pass
R73 2023 Medium  High Good Good Pass
R74 2023 Medium  High Good Good Pass
R75 2023 Medium  High Good Good Pass
R76 2023 Medium  High Good Good Pass
R77 2023 Medium  High Good Good Pass
R78 2023 Medium  High Good Good Pass
R79 2023 Medium  High Good Good Pass
R8&0 2023 Medium  High Good Good Pass
R81 2024 Medium  High Good Good Pass
R8&2 2024 Medium  High Good Good Pass
R8&3 2024 Medium  Low Fair Fair Pass
R84 2024 High High Good Good Pass
R85 2024 Medium  High Good Good Pass
R86 2024 Medium  High Good Good Pass
R87 2024 High High Good Good Pass
R88 2024 Medium  High Good Good Pass
R89 2024 Medium  High Good Good Pass
R90 2024 High High Good Good Pass
R91 2024 High High Good Good Pass
R92 2024 High High Good Good Pass
R93 2024 High High Good Good Pass
R94 2024 Low High Fair Fair Fail
R95 2024 Medium  High Good Good Pass
R96 2024 Medium  High Good Good Pass
R97 2024 Medium  High Good Good Pass
R98 2024 Medium  High Good Good Pass
R99 2024 High High Good Good Pass
R100 2024 Medium  High Good Good Pass
R101 2024 Medium  High Good Good Pass
R102 2024 High High Good Good Pass
R103 2024 Medium  High Good Good Pass
R104 2024 Medium  High Good Good Pass
R105 2024 Medium  Moderate Good Good Pass
R106 2024 Medium  High Good Good Pass
R107 2024 Medium  High Good Good Pass
R108 2024 Medium  High Good Good Pass
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Data Processing Using Rosetta
The student graduation classification process is carried out using Rosetta software, which is
based on the Rough Set method. In this stage, student academic data that has been discretized is
imported into Rosetta for analysis. Next, Rosetta generates a number of decision rules that
represent patterns of correlation between variables such as academic average, attendance, behavior,
and character with student graduation decisions. The initial interface of the Rosetta software after
the dataset is loaded is shown in Figure 3.

Rosetta - Rosettal
File Edit View Window Help

D@6 *[%[e] &2
Project

IR o]suctues

& [} Algorithms

Figure 3. Initial Display

Figure 4 shows the student dataset that has been successfully imported into the Rosetta

software for analysis.
Rosetta - Rosettal
File Edit View Window Help

D|@(e| *[%=|8 S/ e
Project
B r r S
R | o E=nE= =
&-J Algorithms Akademik | Kehadiran | Perilaku Pg:zl rti | Keputusan &
1 Tinggi Tinggi Baik Baik Lulus
2 Sedang Tinggi Baik Baik Lulus
3 Sedang Tinggi Baik Baik Lulus
4 Rendah Rendah Buruk Buruk Tidak Lulu:
5 Sedang Tinggi Cukup Cukup Lulus
6 Rendah Tinggi Baik Baik Lulus
7 Sedang Tinggi Baik Baik Lulus
8 Sedang Tinggi Baik Baik Lulus
9 Sedang Tinggi Baik Baik Lulus
10 Sedang Tinggi Baik Baik Lulus
11 Tinggi Tinggi Cukup Cukup Lulus
12 Sedang Tinggi Baik Baik Lulus
13 Sedang Tinggi Baik Baik Lulus
14 Tinggi Tinggi Baik Baik Lulus
15 Sedang Rendah Buruk Buruk Lulus
16 Sedang Tinggi Baik Baik Lulus
17 Sedang Tinggi Baik Baik Lulus
18 Tinggi Tinggi Baik Baik Lulus
19 Sedang Tinggi Baik Baik Lulus
20 Sedang Tinggi Baik Baik Lulus
21 Tinmmi Tinani Rail Rail I ulue ha =3
< >

Figure 4. Display of Successfully Inputted Data

The results of the attribute reduction process using the Exhaustive Reduct method are
presented in Figure 5.
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Rosetta - [REDUCT]
B’ File Edit View Window Help

D|=|d| |8 82

Reduct Support| Length
1 {Akademik, Perilaku} 1 2
2 {Akademik, Budi Pekerti} | 1 2

Figure 5. Reduction Results

The decision rules generated from the reduced attributes using the Rough Set method are shown
in Figure 6.

&l Rosetta - [RULES]
B File Edit View Window Help

D= =1N4
Rule LHS Support | RHS Support| RHS Accuracy | LHS Coverage | RHS Coverage | RHS Stability | LHS Length | RHS Length

1 ‘Akademik(Tinggi) AND Perilaku(Baik) = Lulus) 28 28 1.0 0.264151 0.271845 1.0 2 1
2 ) AND Peri k) => ulus) &7 67 1.0 0632075 0.650485 1.0 2 1
3 ) AND = (Tidak Luus) |1 1 1.0 0.009434 0.333333 1.0 2 1
4 ) AND Perilaku(Cukup) == Ki ulus) 2 1.0 0.018868 0.019417 1.0 2 1
5 ) AND (Baik) => ulus) 2 2 1.0 0.018868 0.019417 1.0 2 1
6 Akademik(Tinggi) AND Perilaku(Cukup) => Lulus) 1 1 1.0 0.009434 0.009709 1.0 2 i
7 ) AND Peri )= (Lulus) 2 2 1.0 0.018868 0.019417 1.0 2 1
8 Akademik(Tinggi) AND Perilaku(Buruk) => K ulus) 1 1 10 0.009434 0.009709 10 2 1
5 /Akademik(Rendah) AND Perilaku(Cukup) => Keputusan(Tidak Lulus) | 2 2 1.0 0.018868 0.666667 1.0 2 1
10___| Akademik(Tinggi) AND Budi Pekerti(Baik) => Keputusan(Lulus) 28 28 1.0 0.264151 0.271845 1.0 2 1
1 AND Budi Pekerti(Baik) => ulus) &7 67 1.0 0632075 0.650485 1.0 2 1
12___| Akademik(Rendah) AND Budi Pekerti(Buruk) => Keputusan(Tidak Lulus) | 1 1 1.0 0.009434 0333333 1.0 2 1
13 ) AND Budi Pekerti(Cukup) => K ulus) 3 3 1.0 0.028302 0.029126 1.0 2 1
14 Akademik(Rendah) AND Budi Pekerti(Baik) == K ulus) 2 2 10 0.018868 0.019417 10 2 1
15___| Akademik(Tinggi) AND Budi Pekerti(Cukup) => Keputusan(Lulus) 1 3 1.0 0.009434 0.009709 1.0 2 1
16 ) AND Budi Pekerti(Buruk) => Ki ulu: 1 1 1.0 0.009434 0.009709 1.0 2 1
17__| Akademik(Tinggi) AND Budi Pekerti(Buruk) => Keputusan(Lulus) 1 1 1.0 0.009434 0.009709 1.0 2 1
18| Akademik(Rendah) AND Budi Pekerti(Cukup) => Keputusan(Tidak Lulus) | 2 2 1.0 0.018868 0.666667 1.0 2 1

Figure 6. Generate Rules Results

Based on the results of generating rules using the Exhaustive Reduct method in Rosetta
software, 18 rules were obtained from the combination of Academic and Behavior attributes as
well as Academic and Character attributes. Each rule shows the logical relationship between the
combination of input conditions and the final decision, namely Pass or Fail. All rules have an
accuracy level of 1.0, which means that there is no ambiguity in decision making for each
combination of attributes. In other words, each combination of attribute values on the left side of
the rule consistently produces the same decision on the right side. The rule “High Academic and
Good Behavior results in a Pass decision” is supported by 28 data points, and the rule “Moderate
Academic and Good Behavior results in a Pass decision” is supported by 67 data points. This shows
that most participants with high or moderate academic scores who also have good behavior tend
to be declared passed. There are also several rules with a small amount of support, such as the
combination of Low Academic Performance and Poor Behavior resulting in a Fail decision, but
they still have perfect accuracy.

Discernibility Matrix Analysis and Attribute Reduction

The discernibility matrix is used to identify attributes that play a role in distinguishing objects
with different decisions. Through this analysis, attributes that do not contribute significantly to the
classification process can be eliminated through a reduction process. The results of attribute
reduction obtained using the Exhaustive Reduct method in Rosetta software show that academic
attributes are the main factor in determining graduation. In addition, behavioral and moral
attributes also emerged as important attributes in several reduction combinations. Attributes of
attendance under certain conditions can be eliminated without reducing the accuracy of the
decision. These results show that student graduation decisions are not solely determined by
academic achievement, but are also influenced by aspects of attitude and character.
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Formulation of Decision Rules

Decision rules are formed based on the results of attribute reduction. These rules represent
the logical relationship between condition attributes and student graduation decisions. Some of the
main rules generated include:
a. Students with high academic performance and good behavior are classified as passing.
b. Students with moderate academic performance and good character tend to pass.
c. Students with low academic performance and poor behavior are classified as failing.
These rules are deterministic, where each combination of condition attributes produces one definite
decision. This shows that the Rough Set method is capable of producing a classification model that
is clear and easy to interpret.

Model Implementation and Testing

The Rough Set method was implemented using Microsoft Excel as a data preprocessing tool and
Rosetta as the main analysis tool. Excel was used to calculate average values, discretization, and
data compilation, while Rosetta was used to form reducts and decision rules. Model testing shows
that the resulting decision rules are consistent and do not cause conflicts between decisions. This
indicates that the Rough Set method is able to effectively classify student graduation based on the
attributes used. The overall implementation flow of the Rough Set method for student graduation
classification is illustrated in Figure 7.

STUDENT GRADUATION DATA

Academic and non-academic data of elementay schoo students

| INITIAL DATA SELECTION AND ANALYSIS
—>| data completeness checking
identifying predictor attributes

4

{ DATA DISCRETIZATION |

conversion of numeric data into categorical -
(academic, attendance, behavior, extracuricular activities) J

¥

[ FORMATION OF INFORMATION SYSTEM ‘

condition attribute completion

+

[ FORMATION OF EQUIVALENCE SYSTEM

classification of decision classes (pass/fail) J—'

+

REDUCT (REDRUIBILTY MATRIX) L_
significant attribute reduction J

&

GENERATE DECISION RULES
—> formation of student graduation rules

1!

FINAL CLASSIFICATION OF GRADUATION
RESULTS

prediction of student graduation

Figure 7. Rough Set Implementation Flow in Student Graduation Classification

Discussion

The results of this study prove that the Rough Set method is effective when applied to the
classification of elementary school student graduation based on academic data. Academic
attributes play a dominant role, but behavioral and moral attributes have been proven to strengthen
classification decisions under certain conditions. These findings are consistent with Samaray's
(2022) research, which states that Rough Set is capable of producing explicit and easy-
tounderstand decision rules. Furthermore, these results are also in line with Zuhdi (2022), who
emphasizes the superiority of Rough Set in identifying important attributes in decision-making
systems. The main contribution of this study lies in the application of the Rough Set method in the
context of elementary education by simultaneously considering academic and character aspects of
students. Thus, the resulting model can serve as an alternative to support more objective and
datadriven decision-making regarding student graduation.

This study shows that the Rough Set method can be effectively applied in classifying
elementary school student graduation based on academic and non-academic data. Through the
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stages of data discretization, decision system formation, attribute reduction, and decision rule
generation, the Rough Set method is able to produce a classification model that is consistent and
easy to understand. The results of the study indicate that academic attributes are the main factor in
determining student graduation, but behavioral and moral attributes also play a role in
strengthening classification decisions under certain conditions. This confirms that student
graduation assessment does not only depend on academic achievement, but also needs to consider
aspects of attitude and character proportionally. The decision rules generated are deterministic and
do not cause conflicts between decision classes, so they can be used to support more objective and
data-based graduation decisions. Thus, the Rough Set method can be a relevant alternative
approach for schools in conducting systematic and transparent student graduation evaluations.
However, this study still has limitations in terms of the amount of data and the scope of the research
object, which only covers one school in a certain period of time. In addition, this study has not
compared the performance of the Rough Set method with other classification methods. Therefore,
further research is recommended to expand the amount and variety of data, add supporting
attributes, and compare the Rough Set method with other classification approaches in order to
obtain more comprehensive and generalizable results.
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