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Abstract: The research conducted uses an artificial intelligence (Al) approach to the
process of predicting student performance at Battuta University. The artificial
intelligence model used is the Random Forest model. The author used three different
datasets with 300 decision trees for the training and testing process with the Random
Forest model and conducted trials with three model variations. The first model (RF-1)
showed a high accuracy of 90%, while the second (RF-2) and third (RF-3) models each
obtained an accuracy of 89%. A confusion matrix and classification report (precision,
recall, and fl-score) were used to evaluate the performance of the artificial intelligence
models used. In the “pass” category, the three models performed well with a precision
and recall of 90-95%. In the “distinction” category, the first (RF-1) and third (RF-3)
models had better precision and recall than the second model (RF-2). While in the “fail”
category, the second model (RF-2) shows slightly superior performance compared to
other models. The results of this study show that the Random Forest model is able to
produce quite high accuracy in predicting student performance, which is around 80—
90%. Thus, the Random Forest model is a fairly effective method for predicting student
performance. These results are expected to be used by the university to identify students
who need early intervention and improve more effective learning strategies.
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Abstrak: Penelitian yang dilakukan menggunakan pendekatan kecerdasan buatan (Al)
pada proses prediksi kinerja mahasiswa Universitas Battuta. Model kecerdasan buatan
yang digunakan adalah model Random Forest. Penulis menggunakan tiga dataset berbeda
dengan 300 pohon keputusan untuk proses pelatihan dan pengujian dengan model
Random Forest dan melakukan uji coba dengan tiga variasi model. Model pertama (RF-1)
menunjukkan akurasi yang tinggi yaitu sebesar 90%, sedangkan model kedua (RF-2) dan
ketiga (RF-3) masing-masing memperoleh akurasi sebesar 89%. Matriks konfusi dan
laporan Klasifikasi (presisi, perolehan, dan skor f1) digunakan untuk mengevaluasi kinerja
model kecerdasan buatan yang digunakan. Pada kategori “lulus”, ketiga model memiliki
performa yang baik dengan presisi dan perolehan 90-95%. Pada kategori “distinction”,
model pertama (RF-1) dan ketiga (RF-3) memiliki presisi dan recall yang lebih baik
dibandingkan model kedua (RF-2). Sedangkan pada kategori “gagal”, model kedua (RF-
2) menunjukkan performa yang sedikit lebih unggul dibandingkan model lainnya. Hasil
penelitian ini menunjukkan bahwa model Random Forest mampu menghasilkan akurasi
yang cukup tinggi dalam memprediksi Kinerja siswa, yaitu berkisar 80-90%. Dengan
demikian, model Random Forest merupakan metode yang cukup efektif untuk
memprediksi Kinerja siswa. Hasil ini diharapkan dapat digunakan oleh universitas untuk
mengidentifikasi mahasiswa yang memerlukan intervensi dini dan meningkatkan strategi
pembelajaran yang lebih efektif.

Kata Kunci: Kecerdasan Buatan, Prediksi, Kinerja, Siswa, Random Forest.
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INTRODUCTION

Educational institutions currently
face the challenge of improving the
quality of education and student
performance in an increasingly
competitive environment while utilizing
student data for better decision-making
(Akour et al., 2020). Prediction of student
performance is a central issue in the world
of higher education. With the increasingly
complex learning environment and the
continuing increase in the number of
students, an educational institution is
required to be able to identify students
who have the potential to experience
academic difficulties early  on.
Technological developments have
changed the face of education. By
utilizing educational data, we can predict
student performance and improve the
quality of learning (Aslam et al., 2021).

This allows for timely intervention
that can improve student study success.
Artificial intelligence (Al), with its ability
to process data at scale and identify
complex patterns, offers great potential in
overcoming these challenges. Atrtificial
intelligence (Al) has been applied in
various fields, such as determining the
shortest route (Wayahdi et al., 2021),
detecting or predicting of cancer
(Wayahdi & Ruziq, 2022), image
classification (Wayahdi et al., 2020),
determining the best campus (Wahyuni &
Wayahdi, 2021), and including the field
of education (Kar et al, 2022).
Technologies such as loT, Al, ML, DL,
and Big Data have opened up
opportunities to improve students learning
experiences (Ojajuni et al., 2021).
Learning Analytics (LA) is data science
applied to the field of education (Rincén-
Flores et al, 2020). Al has become an
invaluable tool in many fields. Al is
capable of analyzing data in depth,
identifying patterns, and making accurate
predictions (Deo et al., 2020).

Hussain et al. (2021) developed a
regression model to analyze student
academic performance using a deep
learning approach. Machine learning

plays an important role in predicting
students' academic performance and
helping them achieve higher grades.
Predicting student academic success is
important for identifying students at risk
of failure and providing appropriate
remediation (Nabil et al.,, 2021). The
research area related to predicting student
performance is multidimensional and can
be explored and analyzed through various
perspectives, including early prediction of
dropout and withdrawal in ongoing
studies, analyzing intrinsic factors that
impact their performance, and applying
statistical techniques to measure student
performance (Waheed et al., 2020).

This study aims to explore the
application of Al approaches in predicting
student academic performance using data
from Battuta University as a case study.
By utilizing machine learning algorithms,
this research seeks to build a model that is
able to predict accurately and reliably.
The author chose the random forest model
in this research. Random Forest does not
require any assumptions about data
distribution. Random Forest is generally
used in two different classes, namely
regression and classification (Gholizadeh
et al., 2020; Li et al., 2020). The random
forest model was proven to be accurate in
predicting decreased quality of life in
thyroid cancer patients three months after
thyroidectomy. These findings can be
applied clinically to optimize health care
(Liu et al, 2022). In their research,
Palimkar et al. (2022) used a random
forest algorithm to diagnose diabetes in
patients with good accuracy. In their
research, Hu et al. (2021) developed a
real-time disturbance predictor using
Random  Forest for  high-density
disturbances and used it in the EAST
tokamak plasma control system (PCS) for
the first time.

Battuta University was chosen as
the research object because it has a fairly
complete and diverse database. Apart
from that, this university has also
demonstrated  its commitment  to
implementing information technology in
the learning process. Thus, the data
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obtained from Battuta University is
expected to provide a comprehensive
picture of student performance and the
factors that influence it. The hope is that
the results of this research can be used to
improve the quality of learning by
providing more personalized
recommendations for each student at
Battuta University.

METHOD

1. Feature Engineering
a. Assessments

It's interesting to include the
performance on each assessment as a
component in the final model since it
serves as a decent gauge of the students'
understanding of the material and
determines their final evaluation score.
However, it is not practical to develop a
feature for every evaluation because there
are numerous courses, each with a unique
structure. To incorporate the evaluations,
we will create two features: The ultimate
grade determined by adding the weight
and score of each evaluation is one of
them.

The other is a pass rate, which is
based on the idea that a student needs to
receive a score of at least 40% to pass an
assessment. It determines the proportion
of assessments that the student passed
with success. Because final exams have a
different status and participation in the
final evaluation than previous
assessments, we will also separate them
from the other assessments.

stud_exams studAss, exams, hol

,axis=1,inplace=

Table 1. Final exam scores

id_stu | code_mo | code pres | exam_
dent dule entation score
0 55291 CccC 2014B 32
1 55270 CccC 2014B 78
2 55377 CccC 2014B 54
3| 56011 CccC 2014B 64

4

b. Virtual Learning Environment

The student interaction feed with the
content that is available for reference for
the entire duration of the term is
contained in the datasets related to the
Virtual Learning Environment (VLE). We
may deduce a student's level of
engagement with their subjects, whether
they studied them thoroughly, and how
they applied the material from this data.

Table 2. General average per student per
module

id_st | code_ | code_pr sum
uden | modul | esentati date L
click
t e on
0 | 6516 | AAA 2014J 102'29 5':331
1| 8462 | DDD 2013J 38.794 123
2 | 8462 | DDD 2014J 10 3
3 11139 2013 11;.73 4.123

c. Student Info

Although there are many details
about the students in the student info
table, the following are pertinent to our
analysis: the number of times the student
has attempted to complete the module and
the student's final score.

0,how="1inner" ,on=
sentation"])

e_presentation"],

s5=1,
final_df.head()

Table 3. Compiling all relevant tables

. weig

num_ | final pas | exa
hted

of_pr | _resu a ST | m.sc

ev .. | It -9 ate | ore
- de

0 0 Dls_tl 89.6 1 94
nctio 5
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n

1 0 Pass 82'5 1 76
51.4 | 0.6

2 0 Pass 4 25 66

3 0 Pass 753'1 1 50

2. Exploratory Data Analysis

We are unable to include the
objective feature in a correlation matrix
since it is categorical, nevertheless, we
can observe a propensity for correlation
between the grading features
(weighted_grade, pass_rate, and
exam_score). The correlation matrix can
be seen in Figure 1.

rum _of prey_attempts -
weighted_grade JRURHE]
pass_rate JEIUED

exam_score

pass._rate
exam_score
sum_click -

5,
£ -
= £
8 )
=l g
Zn
2

Figure 1. The correlation matrix

The link between the variables in the
dataset is described by the correlation
matrix. The correlation between two
variables is represented by each box in the
matrix. Each box's colour and number

represent the correlation's strength and
direction.

re(figsize=(8,6))
tplot(data=final_df, x="final_result")
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Figure 2. Final result chart

Although the 'Pass' category has
much higher numbers than other
categories, we need to pay close attention
to the model performance metrics. This is
especially true for underrepresented cases,
such as the 'Distinction’ and ‘Fail'

categories. A deeper analysis of these
cases can provide valuable insight into the
factors influencing model performance
identify

and help us areas for

improvement.

sns.pairplot(final_df)

wléigure 3. Paired plots

Two outliers can be seen in the pair
plot (Figure 3): one has an average click
count that is far higher than average,
while the other has just one instance of a
certain number of prior tries. These cases
will be eliminated to preserve the
consistency of our data as much as
feasible.
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3. Modelling with Random Forest
Method
The final result (Distinction, Pass,
Fail) from a set of data is predicted using
a classification model with Random
Forest. Three separate feature sets (X1,
X2, and X3) are used to train the model.

rfi-RandomForestClassifier(n_estimators=300)
rfi.fit(X1_train,y train)

result_rfl=rfl.predict(X1_test)
print(confusion_matrix(y_test,result_rf1))
print{"\n")
print(classification_report(y_test,result_rf1))

[[222 @ 45]

[ 8152 58]

[ 33 22 961]]
precision recall f1-score support
Distinction 0.87 0.83 0.85 267
Fail 0.87 0.75 0.81 202
Pass 0.91 0.95 0.93 1016
accuracy 0.90 1485
macro avg 0.88 0.84 0.86 1485
weighted avg 0.96 0.90 0.90 1485

rf2=RandomForestClassifier(n_estimators=300)
rf2.fit(X2_train,y_train)

result_rf2=rf2.predict(X2_test)
print(confusion_matrix(y_test,result_rf2))
print("\n")
print(classification_report(y_test,result rf2))

[[222 0 45]

[ 8155 47]

[ 45 21 9508]]
precision recall f1-score  support
Distinction 0.83 0.83 0.83 267
Fail 0.88 0.77 0.82 202
Pass 0.91 0.94 0.92 1816
accuracy 0.89 1485
macro avg 0.87 0.84 0.86 1485
weighted avg 0.89 0.89 0.89 1485

rf3=RandomForestClassifier(n_estimators=300)
rf3.fit(X3_train,y_train)

result_rf3=rf3.predict(X3_test)
print(confusion_matrix(y_test,result_rf3))
print("\n")
print(classification_report(y_test,result_rf3))

[[218 B 49]

[ 6 148 54]

[ 32 25 959]]
precision recall f1-score support
Distinction 0.87 0.82 0.84 267
Fail 0.86 0.73 0.79 202
Pass 0.90 0.94 0.92 1016
accuracy 0.89 1485
macro avg 0.88 0.83 0.85 1485
weighted avg 0.89 9.89 0.89 1485

RESULT AND DISCUSSION

The author used 3 different datasets
with 300 decision trees for the training
and testing process with the Random
Forest model, and carried out trials with
variations of the 3 models. While the
second and third models (RF-2) each
achieve an accuracy of 89%, the first
model (RF-1) demonstrates a high
accuracy of 90%. The accuracy, recall,
and fl-score of the classification reports
as well as the confusion matrix are used to
assess how well the artificial intelligence
model is performing. The three models
performed well in the "pass" category,
with recall and precision ranging from 90
to 95 percent. The first (RF-1) and third
(RF-3) models in the "distinction"
category had greater precision and recall
than the second model (RF-2). In contrast,
the second model (RF-2) performed
somewhat better than the other models in
the "fail" category. The findings:

Overall accuracy: The overall
accuracy of the three Random Forest
models is comparable, ranging from 89 to
90%. This demonstrates how well the
model predicts the outcome in the end.

Precision and Recall: For each
category (Distinction, Pass, Fail), each
model has a different precision and recall.
The precision measure indicates the
accuracy of "positive" forecasts, such as
Distinction predictions.
Recall is the frequency with which the
model correctly classified every instance
of a category (all students who ought to
have received Distinction, for example).
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Best model: It is hard to say which
model is the best overall based on these
results. In the Distinction category, Model
1 has the best precision, but in the Fail
category, it has the lowest recall. Model 2,
on the other hand, has marginally worse
precision for Distinction but stronger
recall for the Fail category.

Mol

Figure 4. Random forest model
performance

Based on the visualization in Figure
4, it can be concluded that the three
Random Forest models have quite good
performance in predicting the final result.
However, if precision is the priority, then
Model 1 may be more suitable. If the
priority is recall, then the Model 3 may be
a better fit.

CONLUSSION

When it comes to ultimate outcome
prediction, the Random Forest model
performs admirably. However, additional
research based on categorization priorities
could be necessary in order to choose the
optimal model. The findings of this study
demonstrate that the Random Forest
model can predict student performance
with an accuracy of 80-90%. As a result,
the Random Forest model is a decent
predictor of student achievement. It is
hoped that the institution would be able to
use these findings to better target more
effective learning tactics and identify
students who require early intervention.
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