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This study aims to implement the C4.5 algorithm to build a model for
predicting student success in database system courses in the Informatics and
Computer Engineering Education study program at UIN Sjech M. Djamil
Djambek Bukittinggi. Using the Knowledge Discovery in Database (KDD)
approach, this study includes the stages of data selection, cleaning,
transformation, modeling, and evaluation. Secondary data from the
academic information system of students enrolled from 2018 to 2023 included
1,177 entries, which after cleaning resulted in 1,030 valid data. Predictor
attributes consisted of academic factors such as Algorithm Logic scores, 1st
semester Grade Point Average (GPA), attendance, and credit load, as well as
non-academic factors such as gender and UKT (Tuition Fee Category). The
target variable was student success status. Modeling was performed using
Altair RapidMiner 2025 software with the C4.5 algorithm, resulting in a
decision tree model. Evaluation showed an accuracy of 82.10%, recall of
69.58%, and precision of 62.51%, indicating the algorithm's effectiveness in
classifying students as potentially successful or unsuccessful. This model
identifies the most influential attributes, both academic and non-academic,
on student success. Overall, the application of the C4.5 algorithm supports
Educational Data Mining (EDM) in higher education, helping study
programs improve the quality of learning and the effectiveness of data-based
academic interventions.

1.

Introduction

Student success in completing their studies on time is a key indicator of higher education quality. This

success not only impacts students individually in terms of academic achievement and readiness for the

workforce but also contributes to the reputation and accreditation of the study program. However, many

higher education institutions still face challenges related to high rates of delayed study completion and student
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failure in core courses. This situation poses a serious challenge for educational institutions to provide adaptive,
inclusive, and targeted academic services that effectively support student success.

One factor influencing student success is the institution's ability to detect the risk of failure early. Early
detection is crucial so that students potentially facing learning difficulties can promptly receive mentoring or
academic intervention. Unfortunately, these detection efforts often rely solely on traditional evaluations —
such as final exams or attendance reports —which are inherently reactive. In fact, by leveraging existing
academic data within the campus information system, study programs can conduct predictive analysis to
identify at-risk students even before failure occurs [1][2][3].

As information technology advances, higher education institutions have gained access to vast amounts
of data encompassing aspects such as attendance, grades, academic activities, and student socioeconomic
backgrounds. Unfortunately, this abundant data is rarely utilized optimally to support strategies for
improving learning success. Typically, the data is merely stored as administrative archives without further
processing. However, through an analytical approach, this data can become an invaluable source of new
knowledge for enhancing the quality of learning [4].

One relevant analytical approach is Educational Data Mining (EDM), which is the application of data
mining techniques in the field of education. EDM aims to discover hidden patterns in student academic data
that can be used to predict learning performance, study success, and the risk of failure [5]. With the aid of
EDM, both lecturers and study program administrators can design more data-driven and personalized
learning strategies [6]. Several studies have demonstrated that EDM is effective in building early warning
systems and supporting more accurate academic decisions.

In the implementation of EDM, the selection of a classification algorithm is a critical success factor. One
widely used algorithm is C4.5, which generates a decision tree model based on the principles of entropy and
information gain ratio [7]. The C4.5 algorithm offers advantages in handling both numerical and categorical
data, managing missing values, and producing highly interpretable models [8]. These characteristics are
particularly relevant for educational research, as the resulting model is not only accurate but also explainable
to non-technical stakeholders, such as lecturers and academic administrators.

The Database Systems course in the Informatics and Computer Engineering Education Study Program is
a core subject that significantly influences student academic success. This course provides the foundational
knowledge required for advanced subjects such as Software Engineering and Information Systems. However,
data indicates that a number of students still encounter difficulties and fail to complete this course. This not
only impedes students' academic progress but also adversely affects the overall effectiveness of the study
program. Consequently, a predictive system capable of early detection of students at risk of failing this course
is essential. This research was conducted specifically at the State Islamic University of Sjech M. Djamil
Djambek Bukittinggi within the Informatics and Computer Engineering Education Study Program. Student
data from several academic cohorts was utilized to enable a more comprehensive analysis.

The previous researches have proved that the C4.5 algorithm can provide good results in predicting
students' academic success. One study reported an accuracy of up to 93.94% using this algorithm [9].
Meanwhile, another study comparing C4.5 with K-Nearest Neighbor (KNN) showed that C4.5 achieved an
accuracy of 73.49%, a precision of 64.62%, and a recall of 41.89% [10]. This variation in results indicates that
the algorithm's performance is influenced by the characteristics of the analyzed dataset, yet it still affirms the
potential of C4.5 as a reliable classification method in the educational context.

The primary distinction of this research lies in its specific focus on the Database Systems course, which
presents a compelling case for investigation. Furthermore, it utilizes a substantial dataset of students from the
research location. Unlike previous studies that often employed smaller or more generic datasets, this study
analyzes historical data spanning multiple years to enhance the model's accuracy and generalizability.

The main reason for conducting this research is to provide data-based solutions to the problem of student
failure in Database Systems courses. By building a prediction model, study programs can perform early
detection and more targeted academic intervention. In addition, this research also aims to demonstrate the use
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of RapidMiner software as a user-friendly and effective analysis tool. RapidMiner enables data processing and
implementation of the C4.5 algorithm without requiring advanced programming skills, making the research
results easier to replicate and implement by universities [11]. This is in line with the position of the research
as a continuation and development of previous studies, with practical contributions to the application of EDM
in Indonesian higher education, which is rarely explored in international literature. This position places the
research as a bridge between EDM theory and local applications, filling a gap in data-driven academic
intervention strategies.

Based on the aforementioned rationale, the objectives of this study are to implement the C4.5 algorithm
in building a predictive model for student success in the Database Systems course using RapidMiner software.
The resulting model is expected to assist the study program in early identification of students at risk of failing,
thereby enabling the design of more effective academic intervention strategies. Consequently, this research
aims to provide not only a theoretical contribution to the development of predictive modeling in education
but also a practical contribution through the enhancement of instructional quality, the improvement of on-
time graduation rates, and the strengthening of the study program's academic reputation.

Data Mining

Data mining is the process of extracting patterns, knowledge, or valuable information from large data
sets using analytical techniques, statistics, and artificial intelligence algorithms [12]. The goal is to transform
raw data into meaningful information to support decision making [13][14].

Educational Data Mining

Educational Data Mining (EDM) is a field that utilizes data mining and machine learning techniques to
analyze educational data and predict academic performance [15]. EDM contributes to the improvement of
learning quality by identifying learning patterns and factors influencing educational outcomes [16][17].
Consequently, stakeholders in academic institutions can benefit from EDM in implementing early preventive
measures and making data-driven decisions based on patterns identified within the data.

Algoritma C4.5 Decision Tree

The C4.5 algorithm is an extension of ID3, designed to construct classification models based on decision
trees [18][19]. These algorithms have improved C4.5's performance to some extent, with each possessing
distinct advantages and limitations [20]. Generally, the fundamental concept of this algorithm has not
undergone significant changes, and no groundbreaking innovations have been introduced [21]. This method
not only classifies data into specific categories but also generates a decision structure that can support
analytical processes and problem-solving, such as in credit evaluation or risk assessment [22]. It performs the
process of separating data into more homogeneous groups by determining the attributes that have the highest
level of information using measures such as entropy and information gain [23].

Entropy is expressed in equation (1) as follows:
Entropy(s) = Y=, —pi * log2 pi 6))
Description:
S: set of cases or data

n: number of partitions or classes

Dpi: proportion of the number of casesS;to the total S

The stages of decision tree formation using the Decision Tree algorithm can be explained through the

following Equation (2):
Gain(S, A) = Entropy(S) — ?:1% * Entropy(S) )
Description:
S : case set or overall data

1344 10.30983/knowbase.v5i2.10083 Nanda Pratama et.al, Implementation of the C4.5 ...



http://dx.doi.org/10.30983/knowbase.v5i2.10083

Knowbase : International Journal of Knowledge In Database
Vol. 05 No. 02 July - December 2025 pp, 121-131

A : attributes currently being tested

n : number the partitions of the A attribute

[ S; | : number of cases on partition i

| S| :total number of cases in the set S

2. Method

This reserach uses the Knowledge Discovery in Database (KDD) approach, which includes the stages of

data collection, data selection, cleaning and transformation, as well as modeling and evaluation. The type of

research is applied research with the aim of producing a model for predicting student success using the C4.5

algorithm in RapidMiner software.

1.1 Data and Attribute Collection Process
The data used in this study consisted of secondary data obtained from the academic information

system of UIN Sjech M. Djamil Djambek Bukittinggi, managed by the Information Technology and
Database Division of UIN Sjech M. Djamil Djambek Bukittinggi. The dataset included student records
from the Informatics and Computer Engineering Education Study Program for the academic years 2018-

2023, comprising a total of 1,177 entries distributed across three separate sheets.
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Gambar 1 Sheet 1 Data Mahasiswa PTIK TAhun 2018-2023

Figure 1 displays Sheet 1, which contains student data consisting of three attributes: Student

Identification Number (NIM), gender, and tuition fee group.
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Gambar 2 Nilai Semester 1 Mahasiswa PTIK tahun 2018-2023

Figure 2 shows the first semester grades of PTIK students for the 2018-2023 academic year, consisting
of several attributes, namely Student ID Number, Course Code, Lecturer, Semester, Academic Year,
Grade, Letter Grade, GPA, Credits, Attendance, Detailed Grades, and Total Credits.
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Gambar 3 Nilai Semester 2 Mahasiswa PTIK 2018-2023

Figure 3 shows the second semester grades of PTIK students for the 2018-2023 academic year, which
have the same attributes as the first semester grades, namely Student ID Number, Course Code, Lecturer,
Semester, Academic Year, Grade, Letter Grade, GPA, Credits, Attendance, Detailed Grades, and Total
Credits.

1.2 Data Selection

The initial step in the KDD methodology is data selection. This stage involves identifying and
extracting the relevant data fields required to construct a predictive model [24][25]. These fields are
selected because some existing fields are not needed. This process is carried out in order to select the
appropriate attributes for building a model to predict student success in database system courses. Table
1 below shows the fields that will be used in processing data in the RapidMiner application.

Table 1 Field Terpilih
NO Field Keterangan
1 Jenis Kelamin Field Fitur
2 Golongan UKT Field Fitur
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3 Nilai Paket Pemograman Field Fitur
4 Nilai Paket Logika Algoritma Field Fitur
5 IP Semester 1 Field Fitur
6 Nilai Sistem Basis Data Field Target

The utilized fields comprise academic factors (Programming Package score, Logic and Algorithms
score, first-semester GPA, credit load, attendance) and non-academic factors (gender, tuition fee
group/UKT category). The target field is the success status in the Database Systems course.

1.3 Data Cleaning and Data Transformation

The second step in KDD is data cleaning. Data cleaning is the process of cleansing data aimed at
selecting which data is needed to build a predictive model [26]. This includes handling empty (missing)
data and redundant data.
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Gambar 4 Hasil Data Cleaning

Figure 4 shows a reduction in the number of data points from 1,177 to 1,030 after the data cleaning
process. This reduction of 147 data points occurred due to the presence of irrelevant or problematic data
that could potentially compromise the accuracy of the predictive model. Consequently, only 1,030 data
points were used in building the model to ensure more valid results.

The subsequent step is data transformation. Data transformation is the process of converting raw data
into a suitable format to facilitate analysis. This stage typically includes normalization, encoding, and
data simplification, enabling the algorithm to operate more effectively and produce a more accurate
model [27].
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Table 2 Data Transformation

Kelompok Atribut Nilai Asli Transformasi
. . Laki-Laki L
Jenis kelamin
Perempuan P
i Lo
Gol ukt L
> K5 Tinggi
Beasiswa Beasiswa
85-100 A
70-84 B
Nilai PP 55-69 C
40-54 D
0-39 E
85-100 A
70-84 B
Nilai LA 9969 C
40-54 D
0-39 E
3.5-4.0 Tinggi
Akademik IP smt 1 2.75-3.49 Baik
<2.75 Kurang
23-24 Penuh
BEBAN SKS <22 Tidak penuh
100% Penuh
Kehadiran SBD  75%-99% cukup
<75% kurang
85-100 A
70-84 B
Nilai SBD 55-69 C
40-54 D
0-39 E

1.4 Modeling and Evaluation

Model formation constitutes the stage of implementing the C4.5 algorithm in this research. Manual
calculations were performed using Microsoft Excel, while the construction of the decision tree and model
testing were conducted using Altair RapidMiner. A total of 1,030 cleaned data points were used for model
development. This dataset was subsequently partitioned into training data and testing data. The split was
performed with a proportion where the volume of training data exceeded that of the testing data. This
approach ensures the resulting model possesses strong generalization capabilities and a higher accuracy
rate. The subsequent procedure involves building the model using the Altair RapidMiner 2025
application, following these steps:

1.41  Processing training data

During model development, only the training data will be used. The first step is to launch
Altair RapidMiner 2025. This is followed by selecting 'New Process,' with the initial interface

appearing as shown in Figure 5.
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Gambar 5 Tampilan Awal Rapid Miner

This was followed by arranging several operators, including read Excel, Set Role, and Decision
Tree. The arrangement of operators can be seen in Figure 6.

PeNNTA o =
cacsions_Lslo

- Destzn R Temewp | amuas _ 2| sman v

Read Excal Set Role (2) Decision Tr

CCI wlg e i1 F qr [ oz )

 Changs oestoity <030

Help

Decision Tree

o scvaie s Cromss

Gambar 6 Susunan operator pembangunan model

1.42  Model Evaluations
The performance of the model is measured using three primary metrics derived from the
confusion matrix: accuracy, precision, and recall. Each metric provides distinct insights into the
model’s capability to perform correct classifications [28]. The respective equations for these
metrics are as follows [29].

A = TPETN 00w
Y = TP Y TN + FP + FN ° 3
Precision = —+— x 100%
recision = TP + FP X 0 (4)
Recall = —©— x 100%
“CTTPIEN ° )

Description:
TP (True Positive) : number of students predicted to succeed and actually succeeding
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TN (True Negative) : number of students predicted to fail and those who actually failed
FP (False Positive) : students who were predicted to succeed, but did not succeed
FN (False Negative) : students who are actually successful, but are not detected by the model

Evaluation of the constructed model serves to assess the performance quality of the developed
model[30]. The steps employed for model evaluation using Altair RapidMiner 2025 are illustrated
in the configuration shown in Figure 7.

e T [V —— @ toree

Gambar 7 Operator Evaluasi Model

3. Results and Discussion

The model was building use the C4.5 algorithm with the assistance of Altair RapidMiner 2025 software.
The attributes used consisted of academic factors, namely Algorithm Logic score, first semester GPA, credit
load, and attendance in the Database Systems course, as well as non-academic factors including gender and
university tuition fee category. The target attribute was defined as the student's success status in the Database
Systems course. The resulting model was a decision tree that clearly identified the most influential attributes
on student success.

2 /fLocal Repository/processes/Uji Model — Altair Al Studic Educational 2025.1.0 @ PCNANDA — [m]

Eile Edit Process View Conneclions Seftings Extensions Help

H [_I - B - TE Desian Results Turbo Prep More + P aisw

Result History % PerformanceVector (Performance)

Criterion ) Table View Plot View

accuracy

&

weighted mean recall
Performance .
weighted mean precisi accuracy: 82.10%

true Lulus true Tidak Lulus class precision
% pred. Lulus 198 13 93.78%
Description pred. Tidak Lulus 33 15 31.25%
class recall 85.59% 53.57%
Annotations
Gambar 8 Akurasi

Figure 8 shows that the prediction model built using the C4.5 algorithm demonstrates strong performance in
identifying students who pass. The model successfully detected 85.59% of all students who actually passed (recall), and
when predicting "Pass," its accuracy reached 93.78% (precision). This indicates the reliability of the model in classifying
students who are likely to succeed in the Database course.

However, the model has limitations in predicting the "Fail" category. Only 53.57% of students who actually failed
were successfully identified (recall), and of all the "Fail" predictions generated, only 31.25% were accurate (precision).
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With an overall accuracy of 82.10%, it can be concluded that the model is more effective as a tool for identifying students
with the potential to pass but is not yet optimal in detecting students at risk of failing.

& /[local Repository/processes/Uji Model — Altair Al Studio Educational 2025.1.0 @ PCNANDA — u
File Edit Process View Connections Seftings Extensions Help

H _I - » | iews Design Resuits Turbo Prep More * 2| Anstud

Result Histary % PerformanceVector (Performance)

Criterion ®) Table View Plot View

accuracy

&

weighted mean recall

Performance T T TEET e weighted_mean_recall: 69.58%, weights: 1,1

true Lulus true Tidak Lulus class precision
% pred. Lulus 196 13 93.78%
Description pred. Tidak Lulus 33 15 31.25%
class recall 85.58% 53.57%
Anm;\ons
Gambar 9 Recall

Furthermore, Figure 9 shows a recall value of 69.58%. This recall, which is relatively lower than the accuracy, indicates that
there are still some positive data points that were not correctly identified by the model. In other words, the model is not yet fully optimal
in recognizing all students with the potential to succeed.

R ]
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&
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weighted mean precisi... weighted_mean_precision: 62.51%, weights: 1,1 »
true Lulus true Tidak Lulus class precision Lo
— 3
= pred. Lulus 196 13 93.78% =
= 3 ]
Description pred. Tidak Lulus 33 15 31.25%
class recall 8559% 5357%

Gambar 10 Presisi

The precision value of 62.51%, as shown in Figure 10, indicates that of all positive predictions generated,
only about 62.51% were actually correct. This indicates that there are still errors in predicting students who
are considered successful when in fact they are not.

This study shows that the C4.5 algorithm is capable of achieving an accuracy of 82.10%, with a recall
value of 69.58% and a precision of 62.51%. These values indicate that most of the test data can be classified
correctly by the model, so that the model can be categorized as having a fairly good ability to recognize
students who have the potential to succeed in the Database Systems course. This accuracy shows that the C4.5
algorithm has successfully learned the relationship patterns between attributes, such as algorithm logic values,
first semester GPA, attendance rate, credit load, and non-academic factors, such as gender and UKT (Tuition
Fee Category). Thus, the resulting model is able to represent the relationship between variables logically and
consistently to predict student success.

When compared to previous studies that achieved higher accuracy levels, this difference in results can be
explained by several factors, such as differences in the amount of data used, variations in predictor attributes,
and differences in the data preprocessing stage [9]. Processes such as data cleaning, handling of missing
values, normalization, and the division of training and test data significantly influence the performance of the
final model. Additionally, an imbalanced class distribution between successful and unsuccessful students can
also cause the model to be more inclined to recognize certain classes better, ultimately reducing the overall
accuracy value. Nevertheless, an accuracy of 82.10% is still considered good in the context of educational
classification, as it indicates that the model has a reasonably reliable predictive capability for use in academic
decision-making.
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When compared to other algorithms such as K-Nearest Neighbor (KNN), the C4.5 model in this study
shows superiority in recall value, which is 69.58 % compared to 41.89% in the KNN model [10] This shows that
the model in this study has a better ability to recognize students who are truly successful. A high recall value
also indicates that the model is more sensitive to positive cases, namely students who achieve success. Thus,
even though its total accuracy is not as high as other models, C4.5 is superior in identifying students with the
potential for success, which is an important aspect in the context of education because it can be used to support
academic policies, such as providing additional guidance for students who are not yet performing optimally.

Furthermore, a precision value of 62.51% indicates that of all students predicted to succeed,
approximately 62.51% were indeed successful according to the actual results. This value suggests that there
are still some prediction errors in the positive category, where the model misclassifies unsuccessful students
as successful. However, this error rate remains within acceptable limits and is not significant enough to
substantially reduce the model's reliability. The relatively stable precision demonstrates the model's good
generalization capability while maintaining a balance between correct and incorrect predictions. This
precision value also indicates that the model not only focuses on high sensitivity but also maintains accuracy
in its positive predictions.

The differences in accuracy, recall, and precision values between this study and previous research
confirm that the performance of the C4.5 algorithm is significantly influenced by the characteristics of the
dataset used. Factors such as variable diversity, data quality, and sample size play crucial roles in determining
the model's effectiveness. Data with diverse, clean, and balanced variables increases the model's ability to
produce more accurate classifications. Conversely, heterogeneous data or data containing class imbalances
tend to make it difficult for the model to consistently recognize certain patterns.

4. Conclusion

This research successfully implemented the C4.5 algorithm to build a predictive model for student
success in the Database Systems course using Altair RapidMiner 2025 software. The results obtained
demonstrate that the model achieved an accuracy of 82.10%, a recall of 69.58%, and a precision of 62.51%.
These values indicate that the C4.5 algorithm is reasonably effective in classifying students with potential
success or risk of failure, although limitations in precision and recall remain. The resulting decision tree model
was also able to identify the most influential attributes, both academic and non-academic, providing clear
insights for lecturers and program administrators in determining learning strategies.

When compared to previous research, the performance of the model in this study shows variations in
results influenced by data characteristics, sample size, and preprocessing stages. Although the accuracy level
is not as high as in earlier research, the recall value obtained is relatively better compared to other studies,
thereby strengthening the position of the C4.5 algorithm as a reliable classification method in the field of
education. Thus, this research not only contributes to the theoretical development related to the application of
Educational Data Mining but also provides practical benefits in the form of a predictive system that can help
study programs conduct early detection of at-risk students, enabling more targeted academic interventions.

This research proves that the developed C4.5 model is a powerful classification tool. However, its
performance can still be improved, particularly in detecting minority classes with imbalanced representation.
Therefore, subsequent research is highly recommended to apply techniques such as SMOTE, ensemble
methods, or other algorithms to enhance the model's sensitivity. This would allow interventions to be carried
out more quickly and precisely. Ultimately, this research not only contributes theoretical insights to the field
of Educational Data Mining but also offers practical solutions to improve the quality of learning.
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