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Abstract

Higher education institutions play an important role in providing quality education
and producing skilled human resources. In Indonesia, the demand for higher
education is increasing due to population growth and increasing awareness of the
importance of higher education. ABC University, which is currently ranked 46-50
in the Indonesia Uni Rank 2023, faces challenges in ranking. To thrive in this
competitive landscape, universities must be selective in admitting quality students
and ensuring an effective academic development process. Machine learning
capabilities can be leveraged to predict potential student academic performance,
facilitate timely interventions, and support for improving learning outcomes.
However, currently there is no research that focuses on building predictive models
that integrate student profiles with academic achievement. This study aims to
establish a relationship between the theory of the Random Forest algorithm and the
prediction of potential student achievement. The aim is to develop an accurate and
efficient method for managing student affairs at ABC University. This study uses
both quantitative and qualitative approaches, with a focus on numerical data
analysis and produces classification predictions. The research process begins with
a thorough analysis of the business situation to understand the university
environment and determine research topics. The researcher then defines research
boundaries, prioritizes key issues, and develops a research framework. The study
analyzed the profiles of students who graduated in 2016-2017, combined with
academic achievement data. Regression test was conducted to determine the effect
of 18 attributes on performance. Random Forest Machine Learning was compared
with other techniques to identify the most accurate predictive model for student
academic performance. ABC University, the Random Forest model achieves a
prediction rate of 89.60%.
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Introduction

Higher education institutions are academic educational institutions that play a role
in providing relevant and high-quality higher education, capable of producing qualified
human resources that meet the qualifications demanded by the job market (Tien et al.,
2020). That higher education refers to the university level, consisting of various faculties
that offer academic education in specific disciplines (Barthos, 1992). In Indonesia, there
is a growing demand for higher education due to population growth and increased
awareness of the importance of education (Ajisuksmo, 2017). However, it is worth noting
that as of 2022. Indonesia has 4,593 universities, but only 20 campuses are included in
the world rankings (Lukman & Said, 2022). Of the 20 campuses, only five are included
in the top 500. Below is a table of the top five universities in Indonesia, including the
ranking of ABC University (Rosser, 2019).

Table 1
Top 5 University in Indonesia, UniRank version 2023

Rank University City

1 Universitas Indonesia Depok

2 Universitas Gajah Mada Sleman

3 Institut Teknologi Bandung Bandung

4 Universitas Brawijaya Malang

5 Universitas Bina Nusantara Jakarta

46-50 ABC University -

Based on the table 1 above, 4 out of 5 top universities are public universities and
one is a private university. ABC University is ranked 46-50, which is still quite far behind.
There are 10,157,323 senior high school and vocational high school students in Indonesia.
both public and private Those who are active in the 12th grade or 3rd grade in 2023 have
the potential to become university students (Ramadhan & Megawati, 2023). Below is a
table of the top five regions in Indonesia with the highest number of high school and
vocational school students.

Table 2
Top 5 regions with the highest number of high school and vocational school
students in Indonesia

No  Regions Senior High Vocational
School School

1 West Java Province 792.478 1.066.366

2 East Java Province 535.577 761.539

3 Central Java Province 437.985 783.805

4 North Sumatra Province 381.827 304.346

5 South Sulawesi Province 228.913 123.12

Syntax Literate, Vol. 7, No. 10, Oktober 2022 16431



Predicting Student Performance Using Machine Learning For Student Management in
University

Based on tables 1 and 2, the competition among prospective students is spread
across the island of Java, with West Java province being the largest market, which also
includes the market for ABC University. The competition among universities to recruit
high-quality students has become increasingly intense (Musselin, 2018). Therefore, each
university is expected to strive to provide the best quality education to succeed in this
competitive environment (Hemsley-Brown et al., 2016). The success of a higher
education institution is often measured by the quality of students who pursue education
at that institution (Dumford & Miller, 2018). Conversely, the failure to produce high-
quality students is often seen as a lack of management capability on the part of the
university in delivering the teaching and learning process (Markova et al., 2017). Below
Is a map showing the distribution of universities in Indonesia (Negoro et al., 2021).
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Figure 1
Distribution of High Education Institutions in Indonesia 2020

Based on Figure 1, the highest distribution of universities in Indonesia is on the
island of Java to obtain high-quality student outcomes, universities ABC need to be
selective in accepting qualified prospective students and are also expected to ensure the
academic development process of students, providing them with a high chance of success
in their education. One crucial step in the selection and management of the education
process is predicting the potential academic performance of students (Alyahyan &
Diistegor, 2020).

Predicting the potential academic performance of students is essential because by
analyzing student data and indicators, it is possible to assess whether a student is likely
to succeed and perform well in their education or not (Casillas et al., 2012). This
prediction will utilize machine learning capabilities to determine predictions and identify
the most significant attribute indicators that influence student performance. this enables
timely interventions and the necessary support to improve learning.

This prediction serves as one of the considerations for assessing the potential
academic performance and serves as a warning for students with declining or poor
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academic performance potential. This prediction will greatly help the university ABC to
remain in the strategy of becoming a university with the best quality and can compete
against other universities, with indicators of the success of students who excel and
manage education with quality. Below is a table of the study duration classification for
undergraduate programs at ABC University.

Tabel 3
Classification of Length of Study bachelor’s degree in ABC University
No Length of Study Classification
1  3Years Fast
2 35-4Years On Time
3 45-6Years Lated

Based on tables 3 the prediction of students' academic performance will determine
whether students with specific indicators can graduate earlier, graduate on time, or
graduate late. The following is a graph analyzing the "Five Whys" technique at ABC
University.

Why are higher education institutions Becauze they play 2 role in producing|
expected to provide relevant and high qualifed human resources that mest they
quality education? qualification demanded bv job market

h 4

Becauze of population growth and
# increased awareness of the impotance of
education.

Why i1z there a growing demand for
higher education in Indonesia?
p{ 112

Why has the competition ameng universities Becauze there are 4300 univesity inf
to recruit high-quality students becom #Indonesia, only 3 in top 300 University, ABC|
®increazingly intense for ABC University? University rank 46 - 50 in Indonesia.

Why is the success of a higher education| the qulity of students reflectss the
institttion measured by the quality off 33 of the teaching and leaming
P students? prosezs m ABC University
Why is predicting the potential academid] Because it allows ABC university to assess
performance of students essential for wwhether student are likely to suceed and)
» ABC University? perform well in their education

Figure 2
five why analysis ABC University

Based on Figure 2 above, it can be inferred that predicting the potential academic
performance is crucial for ABC University.

The prediction results are highly beneficial for the University in determining
which students require academic assistance to enhance their academic performance.
Therefore, ABC University needs a method for predicting students' academic
performance to remain competitive with other universities.
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Based on the background that has been described, this study aims to create a
predictive model for potential student academic achievement that can be used in the
Directorate which is responsible for managing students at the university level.

Research Methodology

The research methodology relates to the steps and procedures that will be carried
out to achieve the objectives and obtain answers to research problems (Hidayat & Alifah,
2022b). These steps and procedures embody the research framework. This study aims to
link the Random Forest algorithm theory with the method of predicting student
performance potential. The researcher intends to find an accurate and efficient
performance method in improving student management in universities (case study: ABC
University). This study uses two types of models, namely a quantitative approach and a
qualitative approach (Hidayat & Alifah, 2022a). The data originally used in this study
were categorical data and then converted into numerical data. The converted data was
then analyzed using the Decision Tree method to produce predictions for the potential
classification of student academic achievement. The main research topics and research
framework established are supported by a literature review, which helps identify research
gaps to be explored and provides an understanding of existing research. Researchers also
conducted Focus Group Discussions (FGD) with program managers to consider the
factors that affect student performance and the required predictive output. The next step
involves data collection, where data is collected according to research needs and stored
for processing. The second stage is the data modeling stage using the implementation of
the Decision Tree algorithm and the k-Folds cross validation technique.

The population in this study consisted of students at ABC University who would
be the subject of research on predicting student academic achievement. The sample data
to be used includes academic data and student profiles from 2016 to 2017 in all study
programs. The primary data for this study were obtained from the ABC University
academic database, supplemented by Focus Group Discussions (FGD). Interviews were
conducted with experts who are competent in the field to determine the factors that
influence student performance which will be predicted in this study. Data on factors that
affect the academic achievement of ABC University students include taking credits, debt,
passing credits, grade point average (GPA), majors, mother's income, income, father's
income, mother's education, father's education, gender, mathematics, father Job. This
secondary data is the ABC University Academic Database. The method of data analysis
in this study consists of attribute identification. Identification of research attributes is
carried out through a process of reviewing the literature on previous research as a basis
for a preliminary survey to obtain relevant attributes for modeling and analysis.

Results and Dicsussion

This chapter will present the study's results and findings. To examine the data
distribution and analyze the regression lines of independent and dependent variables, the
researcher utilized IBM SPSS Statistics 27 software. The results and discussion will be
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divided into several subchapters: Data Distribution, Implementation of Data Processing
using Random Forest and Decision Tree, and Training and Testing Results.
A. Analysis

During the analysis phase, several steps will be undertaken. These include
examining the data distribution, analyzing the regression lines of independent and
dependent variables, utilizing IBM SPSS Statistics 27 software, selecting relevant
features, and implementing Decision Tree methodology.
B. Data Distribution

The purpose of presenting the data distribution in this section is to provide a
comprehensive overview of the distribution of research data. This section includes the
percentage distribution of data for each input variable, as well as the output variable in
the study. The data distribution of the input attributes from the Science and Technology
or Social Humanities Grade 2016 and 2017 datasets is presented. The analysis is
performed using IBM SPSS Statistics 27, and the descriptive statistics and frequencies
are displayed in the following table.

Table 4
Data distribution of input variable(s)

Descriptive Statistics

N Range Minimum Maximum Mean Std.
Deviation
Gander 495 1 1 2 1.53 .500
Admission 495 1 1 2 1.09 293
School Type 495 1 1 2 1.23 420
Mathematic 495 3 1 4 2.86 Ja74
English 495 2 2 4 3.25 .564
Father Job 495 5 1 6 2.56 1.341
Mother Job 495 5 1 6 4,18 1.860
Father Education 495 6 1 7 4.31 1.491
Mother 495 6 1 7 3.88 1.338
Education
Father Income 495 5 1 6 4.22 1.099
Mother Income 495 5 1 6 2.25 1.620
Debt 495 1 1 2 1.33 469
Length of Study 495 2 1 3 2.06 .622
GPA 495 2 2 4 3.68 474
Department 495 1 1 2 1.73 446
Credit Take 495 89 114 203 131.11  18.880
Credit pass 495 60 114 174 127.20 14.672
% _Attendance 495  38.32 37.46 75.78 48.741  7.83788
4
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Valid N 495
(listwise)

From Table 4 above, there are 18 attributes that will serve as the main data for
building the prediction model. These data will be subjected to linear regression testing in
order to determine the most influential attributes. Here is an example of data distribution:

Table 5
Data distribution of input variable(s)-Gender
Gander
Frequency Percent Valid Cumulative
Percent Percent

Valid Female 233 47.1 47.1 47.1

Male 262 52.9 52.9 100.0

Total 495 100.0 100.0

From Table 5 above, there are 495 student data, consisting of 233 female data,
which accounts for 47.1% of the data distribution, and 262 male data, which accounts for
52.9% of the total data distribution. The following is a graph representing the data
distribution in Table 5.

Gander

400 Mean = 1.53

.Dev. =
M =485

300

Frequency

100

5 1.0 15 20 25

Gander

Figure 3
Data distribution Gender

From Figure 3 above, the gender distribution at ABC University exhibits a right-
skewed curve because the number of males is greater than the number of females.

Table 6
Data distribution of input variable(s)-School Type
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School Type
Frequency Percent Valid Cumulativ
Percent e Percent
Valid State 382 77.2 77.2 77.2
Private 113 22.8 22.8 100.0
Total 495 100.0 100.0

From Table 6 above, there are 495 student data, consisting of 382 school type is
state, which accounts for 77.2% of the data distribution, and 113 School type is private,
which accounts for 22.8% of the total data distribution. The following is a graph
representing the data distribution in Table IV.3.

School Type

500 Mean =123
Std. Dev. = 42
N =495

Frequency

5 10 15 20 25

School Type

Figure 4
Data Distribution School Type.

From Figure 1V.2 above, the school type distribution of students at ABC
University exhibits a left-skewed curve because there are more students from public
schools compared to private schools.

C. Business Solution

Based on the distribution of data, it comprises profiles of students who graduated
in the academic years 2016-2017, which are then combined with achievement or
academic performance data. A regression test will be conducted to determine which of
the 18 attributes influence student performance and can be used as independent variables.
Following the analysis of independent variables, the Random Forest Machine Learning
process will be compared with other Machine Learning techniques to identify the model
with the highest accuracy. This accuracy result will serve as the predictive model for
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students' academic performance. The data analysis process will be divided into two
research subjects: 1. Science and Technology study programs and 2. Social Humanities
study programs.

D. Regression Liner Variable.

Based on the distribution of this data, a regression test will be conducted to
determine which of the 18 attributes influence student performance and can be utilized as
independent variables. The linear regression analysis of the variables will be performed
using IBM SPSS Statistics 27 Software, employing Automatic Linear Modeling to
enhance model accuracy through boosting. Throughout the analysis, the following
attributes will be generated.

1. Science and Technology study programs

Model Summary
Target: Length of Study

Quality
Worse Better
Roference 626% ¥
Ensemble 61.0%
0% 25% 50% T5% 100%
Accuracy
Figure 5
Model Summary Automatic Linear Regresstion — Science and Technology study
programs

From Figure 5 above, the model summary of the regression results for the
Science and Technology study program attribute indicates an accuracy of 62.6%. The
accuracy of the reference model is better than the accuracy of the ensemble data.

Table 7
Automatic Linear Modeling - enhance model accuracy (boosting) - Science and
Technology study programs

No. Nodes Importance Importance V4 V5

1 Fahter_Edu 0.0085 0.0085 Father Education 0.0085
2 Math 0.0139 0.0139 Mathematic 0.0139
3 Father_Job 0.0158 0.0158 Father Job 0.0158
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4 School 0.0248 0.0248 School Type 0.0248
5 Admission 0.0254 0.0254 Admission 0.0254
6 Father_Income 0.0422 0.0422 Father Income 0.0422
7 GPA 0.1323 0.1323 GPA 0.1323
8 Credit_Pass 0.1655 0.1655 Credit pass 0.1655
9 Debt 0.262 0.2620 Debt 0.2620
10 Credit_Take 0.3096 0.3096 Credit Take 0.3096

From the table above, it can be observed that out of the 18 attributes tested,
10 attributes significantly influence the Science and Technology study programs. The
most influential attribute is "Credit_take," with a predictor importance value (V5) of
0.3096. On the other hand, the attribute with the least influence is "Father's
education," with a predictor importance value (V5) of 0.0085. Below is a table of
the distribution of attributes with good regression values:
2. Social Humanities study programs

Model Summary
Target: Length of Study

Quality
Worse Better
Reference s58% W
Ensemble 55.5%
0% 25% 20% T5% 100%
Accuracy
Figure 6
Model Summary Automatic Linear Regresstion — Social Humanities study
programs.

From Figure 6 above, the model summary of the regression results for the
social humanities study program attribute indicates an accuracy of 55.8%. The
accuracy of the reference model is better than the accuracy of the ensemble data.
Below is a table of the distribution of attributes with good regression values:

Table 8
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Automatic Linear Modeling - enhance model accuracy (boosting) — Social
Humanities study programs

No Nodes Importance Importance V4 V5

1  Father_Job 0.0076 0.0076 Father Job 0.0076
2 Admission 0.01 0.0100 Admission 0.0100
3 Math 0.0129 0.0129 Mathematic 0.0129
4  Father_Income 0.0166 0.0166 Father Income 0.0166
5  Gender 0.021 0.0210 Gander 0.0210
6  Mother_Income 0.0224 0.0224 Mother Income 0.0224
7 GPA 0.109 0.1090 GPA 0.1090
8  Credit_Pass 0.2217 0.2217 Credit pass 0.2217
9  Debt 0.2709 0.2709 Debt 0.2709
10 Credit_Take 0.3035 0.3035 Credit Take 0.3035

From the table above, it can be observed that out of the 18 attributes tested,
10 attributes significantly influence the Science and Technology study programs. The
attribute with the highest influence is "Credit_take,” which has a predictor
importance value (V5) of 0.3035. On the other hand, the attribute with the least
influence is "Father's job," with a predictor importance value (\V5) of 0.0076.

Through the process of Automatic Linear Modeling - enhanced model
accuracy (boosting), 12 important attributes were identified for predicting the
academic performance at ABC University. These attributes include:

The Attribute Result Regression

Tabel 9

No. Attribute

Science
Technology study study programs
programs

and Social Humanities

Father Education
Mathematic
Father Job
School Type
Admission
Father Income
GPA

Credit pass
Debt

Credit Take
Gander

Mother Income

©O© 00 NO Ol WDN B

el
N R O

X X £ <K< K< <K KKK KKK KL

K K K <K<K KKK XK <K X
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From the table above, the regression analysis resulted in 12 important
attributes for Science and Technology study programs. Gender and mother's income
were not included in the analysis. Similarly, for Social Humanities study programs,
father's education and school type were not used. These attributes will undergo
further analysis using the Random Forest method and will be compared with other
machine learning models. The analysis will focus on the Random Forest machine
learning model.

From the regression analysis conducted on the 12 data attributes, further
analysis will be performed using random forest machine learning. Additional
machine learning tests will be conducted to determine which method yields the
highest prediction accuracy. The machine learning analysis will be executed using
Orange Data Mining Software, and the resulting analysis will be as follows.

3. Science and Technology study programs

Madel AUC CA F1  Prec Recall MCC
Random Forest 0.945 0.B89 0.889 0.89¢ 0.889 0.788
Tree (1) 0.904 0.867 0.8e5 0.889 04867 0.757
Logistic Regression 0.934 0.852 0.852 0.852 0.852 0.703
SVM 0.850 0.763 0.762 0.763 0.763 0.525

Figure 7

Result Mechine Learning Science and Technology study programs

Based on the machine learning testing conducted on the Science and
Technology study programs at ABC University, it was found that the Random Forest
model achieved a prediction rate of 0.896, an F1 score of 0.889, and a recall of 0.889.
The decision tree structure is as follows:

Lated
51.9%, 7135 g

Credit Semester_Tzke

= 153 > 153

On Time Lated
83.6%, 61/72 ® 92.5%, 58/62 G
Debt Father Job2
2 3.4 50r6 lar2
On Time Lated Lated
0.0, 21/30 ® 100%, 31/31 o 87.1%, 27/31 G

2, 5006
On Time
84.2%, 16/19 0

Figure 8
Decision Tree Science and Technology study programs

From Figure 8 above, the decision tree results for Science and Technology
study programs vyield the following prediction model: study duration is determined
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by Credit Semester take. If a student wants to complete their studies on time, they
should take more than 153 Credit Semester. If they have academic debt, the
determination will be based on the father's occupation.The Random Forest structure

is as follows:
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Figure 9
Random Forest Science and Technology study programs

4. Social Humanities study programs
Model AUC CA F1 Pl:éc Recall MCC

Random Forest 0.882 0.786 0.780 0.780 0.786 0.556
Tree (1) 0.848 0.756 0.754 0.753 0.756 0.511
Logistic Regression 0.857 0.725 0.717 0.715 0.725 0.421
SVM 0.790 0.686 0.624 0.674 0.686 0.243

Figure 10
Result Mechine Learning Social Humanities study programs

Based on the machine learning testing conducted on the Science and
Technology study programs at ABC University, it was found that the Random Forest
model achieved a prediction rate of 0.780, F1 score of 0.780, and recall of 0.786. The
decision tree structure is depicted below:
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Figure 11
Decision Tree Social Humanities study programs

From Figure 11 above, the decision tree results for Science and Technology study
programs Yyield the following prediction model: study duration is determined by
Academic Debt, Credit Semester Taken, Father's Occupation, Mother's Occupation, and
Father's Income Type. For example, if a student has academic debt, the prediction will
consider the mother's income. If the income type is 1, 2, or 5, the prediction will be based
on the father's occupation. If the father's occupation is 1, 2, or 4, the prediction will then
consider the Credit Semester Taken. If the credit semester taken is less than 117, the
student will be predicted to graduate late. And the Random Forest structure is as follows:
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Figure 11

Random Forest Social Humanities study programs

E. Cross Validation
Based on the machine learning testing results, it is evident that random forest is

the most suitable model for making predictions at ABC University. Subsequently, a 10-
fold Cross Validation test will be conducted to determine the average prediction results.
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The Cross Validation analysis will be performed using Orange Data Mining Software,
and the analysis results are presented below.
1. Science and Technology study programs

© Cross validation Evaluation results for target (None, show average over classes)
Rumber of fods: {10~ Model AUC CA F1  Prec Recall MCC
8 stratified Random Forest  0.936 0.889 0.889 0.896 (0.889 0.786
G valleEiren by e Tree (1) 0.910 0.867 0.865 0.889 0.867 0757
Logistic Regression 0.927 0.881 0.882 0.882 0.881 0.763
) Random sampling SVM 0.854 0.770 0.770 0.770 0.770 0.540
Repeat train/test: 10 ~
Training set size: 95 %
B stratified
Figure 12

Result 10-folds Cross Validation Science and Technology study programs
2. Social Humanities study programs

A

© Cross validation Ewvaluation results for target (Mone, show average over classes)

ey af il (R Model AUC CA F1 Prec Recall MCC

8 stratified Random Forest 0.882 0.786 0.780 0.780 0.786 0.556
Eras vE i T (5 (FEhrE Tree (1) 0.848 0.756 0.754 0.753 0.756 0.511
Logistic Regression 0.857 0.725 0.717 0.715 0.725 0.421

& Random sampling SVM 0.790 0.686 0.624 0.674 0.686 0.243

Repeat train/test: 10 ~

Training set size: a5 %% -~

B stratified
Figure 13
Result 10-folds Cross Validation Social Humanities study programs

Based on the above results, it can be observed that the prediction was conducted
using 10-fold cross-validation, yielding the following average results.

Tabel 10
fold cross-validation
Model F1 Prediction Recall
Science and Technology study programs  0.889 0.896 0.889
Social Humanities study programs 0.754 0.780 0.756

From the table above, for the Science and Technology study program model, the
prediction accuracy reaches 89.6%. As for the Social Humanities study program, the
prediction accuracy reaches 78.00%.

F. Implementation Plan
1. Implementation Plan
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This academic performance prediction model can be implemented promptly
with the approval of the academic vice chancellor and the three directorate offices of
ABC University. Currently, ABC University is in the process of developing an early
warning system, and the prediction model will serve as a valuable reference for its
functioning.

Figure 14
Early Warning System ABC University
The proposed framework can be implemented within the next three months,
aligning with the planned timeline outlined in the following work breakdown structure.

Tabel 11
Implementation Plan

Evaluation data early warning system
Implementation of prediction model
in early warning system

Testing 1

Monitoring Prediction model

Testing 2

Monitoring Prediction model
Validation Model

NICACIFNS VI RN 2

Conclusion

Based on the issue that occurred at ABC University, from the research results we
can know that: (1) Out of the 18 attributes tested to predict the length of study for students
at ABC University using linear regression, 12 independent attributes (input variables)
were found to be significant. It is worth noting that these attributes differ from those
examined in previous studies. (2) Based on the analysis conducted using Random Forest
on the selected 12 attributes, the following prediction scores were obtained. (3) Based on
the research findings, it is evident that random forest is the suitable machine learning
model for creating prediction models.

Result Mechine Learning Science and Technology study programs to implement
the proposed model prediction, several considerations should be considered, which
include: (1) Determining the information, data, and reports that need to be supported and
how the academic performance prediction model can complement each other. (2)
Ensuring that the new student management system is effectively communicated to all
directorates responsible for student performance. (3) Analyzing the benefits and cost
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implications associated with each activity related to the implementation of the academic
performance prediction model. (4) Providing an informative and communicative interface
accessible to all employees at ABC University.
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