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ABSTRACT

With the development of information technology, universities have become more concerned about their student’s
data. Therefore, educational data mining has contributed to extracting useful information from this data by
analyzing and predicting student performance. This paper compares and analyses a number of the most recent
algorithms, including logistic regression, K-nearest neighbour, decision tree, support vector machine, naive
Bayes, multilayer perceptron, random forest, gradient boosting, Extreme Gradient Boosting (XGBoost),
Categorical Boosting (CatBoost), and light gradient boosting machine (LightGBM), to predict students’
academic performance. According to the analysis of the results, each of the classifiers used in the experiments
produced an accurate result. However, the CatBoost algorithm produced the most accurate result compared to
all others, reaching 93.15% in the student status prediction model; the XGBoost had an accuracy rate of 93%;
and the RF provided a 92.9% accuracy rate. The heterogeneous model result had 93.46% accuracy.
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I. INTRODUCTION

It is essential to Digitize education because
of the development of information technology and
its emergence across all industries, particularly in the
wake of the COVID-19 pandemic. This prompted
universities and schools to pay more attention to e-
learning systems, so educational materials, student
data, grades, and many other data points have been
entered into the educational institution systems. The
increase in the number of educational institutions
and students has led to an increase in student data.
Consequently, there was a need for a system that
analyzes the data generated by the learning
environment; this system is called educational data
mining (EDM). EDM uses data mining algorithms
for data education [1]. EDM has an essential role in
developing the educational environment by
extracting and using educational data through
machine learning techniques and data mining
methods [2]. A major goal of EDM is to improve
education and Appling data mining techniques for
analyzing the data collected from students because
applications of EDM are used to predict student
performance [3].
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The timely prediction of student
performance is a strategy for achieving this goal.
Predicting students’ performance plays a vital role in
the educational process by increasing teaching
effectiveness. Therfore, universities and schools can
develop plans to improve education based on student
performance [S]. Predicting students’ performance
can identify students who are at risk, prevent
students from dropping out, and help teachers decide
which course materials to use [6].

Data mining has been used in many fields,
including medicine, economics, advertising, and
enterprise  administration ~ [7].  Discovering
educational data can be beneficial for identifying
information and thus acquiring an understanding that
informs choices and improves the educational
system. Discovering student information can be
beneficial for understanding the reasons behind
college students’ poor overall performance and
identifying the causes of certain behaviors [7].
According to the information gathered by [8],
supervised learning was the most frequently
employed method to predict students’ conduct
because it offers reliable, accurate results. In recent
years, there was [4] an apparent expansion in the

206 | Page




Dania Alsubihat, et. al. International Journal of Engineering Research and Applications

www.ijera.com

ISSN: 2248-9622, Vol. 13, Issue 4, April 2023, pp. 206-218

range of methods
achievement.

used to predict student

Il. Educational Data Mining

I. Educational Data Mining (EDM) refers to
research projects that mine datasets to address
educational research objectives, such as by
examining how people learn and provide instruction.
These data can also come from a variety of
educational contexts, including education and data
management  systems, interactive learning
environments, intelligent  tutoring  systems,
educational video games, and record-breaking
learning sports. Data from sources such as log files,
student-produced artifacts, discourse, learning
content and context, sensor data, multiple-useful
resources, and multimodal streams are all part of
educational data mining. By enhancing data-driven
understandings of learning and teaching systems in a
variety of situations, educational data mining studies
seek to assist students and teachers [9]. EDM applies
data mining algorithms to the education domain.
EDM refers to the processes designed for the
analysis of data from learning environments to
understand students [1].

Educational systems
(traditional classrooms, e-learning
systems, LMSs, web-based

Use, interact with,

IF:H 1::5?:: r‘j:f;’m adaptive systems, intelligent
plan, tutoring systems, questionnaires

i
e |:> and qilaes)

(shlfierlb, learners, Provide, store:
instructors, Course information, contents,
teachers, course

L | academic data, grades,
administators, academic student nsage and interaction data

researchers, school district
officials)

Data mining techniques
(satistics, visualization, clustering,
classification, association rule
mining, sequence mining, text
mining)

Model learners and learning,
communicate findings, make
recommendations

Fig. 1. Applying data mining to the design of
educational systems [1]

Figure 1 demonstrates how the educational system’s
use of data mining is a loop in which students
acquire knowledge. Applying data mining to get
information from the system (courses, grades,
interaction) will provide helpful information that can
improve the educational system.

2.1Students’ performance

The performance of students is one of the most
important and difficult challenges for educational
institutions. In university-level e-learning contexts,
this challenge might be quite helpful [8]. Student
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performance is [10] integral to any educational
environment. It measures the effectiveness of
education and analyzes student performance to
improve education quality[10].

Because of the importance of students’ performance
and need to measure it as an indicator of the
effectiveness of education and the level of education
at a university, this, in turn, improves the level of the
university. In this study, we sought to measure
students’ performance at Al-Bayt University by
using classification algorithms and heterogeneous
ensemble learning techniques. Improving education
is important because it gives the university,
instructor, and student the opportunity to avoid any
problems and improve their plans and performance.

1. Will a heterogeneous ensemble increase the
predictive power compared to other models?

2. Does the use of the chosen classification
algorithms provide more accuracy?

The main driving force behind the work in this study
is the use of heterogeneous ensemble learning
techniques and classification algorithms to improve
student performance prediction. Data collection and
feature selection are the first steps in the many
stages of data mining. Along with the preparation, a
data cleaning method is then used. The data will then
be classified by using a heterogeneous methodology.
The following are the study’s major objectives:

. Find a new heterogeneous classification
model for predicting student performance based on
real data from Al al-Bayt University (ABBU)
university.

. Help students to understand their
performance, take action, and avoid risks.

. Evaluate and compare the accuracy of the
suggested models’ performance.

111. MACHINE LEARNING METHOD

Classifying methods into single methods,
ensemble methods, and hybrid methods is one of the
most well-known classification strategies. Machine
learning (ML) methods are continuously progressing
to provide better overall performance algorithms.
Hybrid and ensemble techniques often perform
better than single ML methods [11].
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To develop machine precise, reliable
learning  methods, ensemble and  hybrid
methodologies have both been proposed [11]. To
improve the methodology, hybrid machine learning
methods have been created by combining one ML
method with another ML method or by alternative
computing and optimization techniques. The future
success of ML will depend on the development of
ensemble and hybrid techniques, which are produced
using different gathering strategies such as bagging
or boosting to have more than one ML classifier
[11].

ML approaches are being used increasingly
frequently, particularly in hybrid and ensemble
methods [11].

3.1 Ensemble Method

Ensemble approaches combine single models to
increase the model’s predictability and stability,
providing a greater level of predictive performance
than a single model. To reduce variance through
bagging and bias through boosting or increase
prediction using stacking, ensemble learning looks
for ways to combine different machine learning
models into one predictive model [12].

Additionally, rather than only using one ML
classification tree, ensemble approaches may employ
several trees; this technique improves the accuracy
of the model [11]. To increase training accuracy and,
by extension, testing accuracy, ensemble techniques,
which are supervised learning algorithms, use
special training algorithms [11]. Ensemble methods
also enable training algorithms to do soft training;
ensemble approaches include bagging, boosting, and
random forest. They have been employed in various
sectors and can be used in research involving a
significant amount of generic data. Bagging,
stacking, and boosting are the three standard
ensemble learning techniques.

3.1.1 Bagging

According to [14], a way to build an ensemble
learning algorithm, where each base model trains on
a different set of data, is to use a bootstrap
aggregation (bagging), invented by Breiman. Figure
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(2) shows how bagging techniques produce one
strong model.
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Fig. 2. Bagging technigues

e \oting

According to [15], one of the most logical, simple
ensemble types is this one. The base classifiers for
the voting classifier may be of the same type or a
different one, making it a homogeneous and
heterogeneous version of ensemble learning. As
previously noted, this ensemble functions as an
extension of bagging (e.g., random forest).

A voting classifier’s architecture consists of “n”
machine learning models, each of which has
predictions that are evaluated in one of two ways:
hard or soft. In the hard mode, the forecast with “the
most votes” is the correct one. The winning class
will have the highest weighted and averaged
probability. However, the voting classifier in soft
mode considers the probabilities generated by each
ML mode.

e Random Forest

A random forest is [16],[17] one of the ensemble
techniques. In simple terms, it is a bagging technique
or bootstrap aggregation that combines multiple base
learner models called decision trees (DT). As shown
in Figure 3, a dataset is divided into subsets
according to its features, and each subset of data will
be represented in the DT. The output from each tree
will be combined into a final output through the
majority voting.
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misfit [12]. The concept of correcting prediction
errors is the fundamental characteristic of boosting
ensembles. Figure 5 shows how boosting techniques
are done to get one strong model.
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3.1.2  Stacking

Stacked generalization (stacking) is an ensemble
technique that uses different model types based on
the training data and a model to combine predictions
to identify a diverse group of members [12]. The
term “level-1 model” refers to a model that is used to
combine the predictions in stacking, and “level-0
models” refer to the ensemble members of the Combine
ensemble. Although there might be more layers of l
models, the most popular hierarchy has two levels.
For instance, we might have three or five level-1
models instead of just one, and a single level-2
model combines the level-1 models’ projections to
produce a prediction [18]. Figure 4 shows how
stacking techniques create one strong model.

Weighted
Sample3

|

Output

Fig. 5. Boosting technique

To attempt to correct the predictions of the first
model, the models are fitted and introduced to the
Input (X) ensemble one at a time. The third model then

attempts to correct the predictions of the second
model, and so on. The learning algorithm is typically
altered to pay more or less attention to examples

Model1 Model2 Model3 (rows of data) depending on whether they have been
properly or erroneously predicted by previously

W added ensemble members while leaving the training
dataset largely untouched. For instance, the rows of

Model data can be weighted to show how much attention a
learning algorithm needs to provide while
developing the model [15]. Many popular ensemble
Output algorithms are based on this approach, including
AdaBoost (canonical boosting), gradient boosting

_ _ _ machines, and stochastic gradient boosting
Fig. 4. Stacking techniques (XGBoost and similar ones).
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e Gradient Boosting

Boosting algorithms iteratively convert poor learners
who are only marginally better than random into
strong learners [19]. A regression approach like
boosting is called gradient boosting. Boosting
gradients is regarded as an ensemble technique [20].
This algorithm sequentially combines various
predictors with some shrinkage on them [21].
Gradient bosting (GB) is a powerful ML technique
that produced the best outcomes in a variety of real-
world tasks. Over the years, it has become the go-to
technique for resolving learning issues with a variety
of characteristics, noisy data, and complex
dependencies [22]. Several efficient techniques that
focus on both computation speed and accuracies,
such as LightGBM, XGBoost, and CatBoost, have
recently been added to the family gradient-boosting
algorithms [19].

1. XGBoost

Extreme Gradient Boosting (XGBoost) is a DT
ensemble based on gradient boosting that was
created to be scalable [25]. XGBoost constructs an
additive expansion of the objective function by
minimizing a loss function, like gradient boosting. A
different loss function is used to regulate the
complexity of the trees because XGBoost uses only
DTs as its basic classifiers [19]. Shrinkage, a further
regularization hyper-parameter in XGBoost, lowers
the step size in additive expansion. Finally, other
methods, such as the depth of the trees, can be used
to limit the complexity of the trees. The models may
be trained more quickly and with less storage space
thanks to the reduction in tree complexity. To
decrease overfitting and speed up training, XGBoost
also uses randomization approaches. Random
subsamples are used to train individual trees, and
column subsampling is used at the tree and tree node
levels as a randomization strategy in XGBoost.
Additionally, by designing a function that outputs
the gradient and the hessian (second-order gradient)
and running it via the “objective” hyperparameter,
XGBoost may be expanded to accommodate any
user-defined loss function [19].

2. LightGBM

Gradient boosting is implemented in LightGBM
[27], a sizable library that also suggests some
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variations. Gradient boosting has been implemented
in this library with a special emphasis on developing
a computationally efficient approach based on the
precomputation of the feature histogram, like in
XGBoost. Tens of learning hyperparameters are also
available in the library, enabling this model to be
used in many contexts: The implementation is CPU
and GPU compatible, capable of doing simple
gradient boosting, and has a variety of
randomizations (column randomization, bootstrap
subsampling).

3. CatBoost

A gradient-boosting library called CatBoost [28]
tries to reduce the prediction shift that happens
during training. A series of base models that do not
include that occurrence in their training set is used to
estimate the gradients, as suggested in CatBoost
[28]. CatBoost initially adds a random permutation
to the training cases to achieve this. Building i =1, .
. ., N base models for each of the M boosting
iterations is the idea behind CatBoost (but not the
actual implementation). The gradient of the i+1
instance for the (m + 1) th boosting iteration is
estimated using the ith model of the mth iteration,
which is trained on the first i instances of the
permutation. This process is repeated using s
different random permutations to become
independent of the starting random permutation.
Despite this, the CatBoost implementation is
optimized, so only one model, capable of handling
all permutations and models, is created per iteration.
Symmetric trees serve as the basis models (or
decision tables). By using the same split condition to
extend all leaf nodes level wise, these trees are
produced.

3.2 Hybrid Method

To perform better and produce the best results,
hybrid methods combine multiple ML classifiers or
soft computing techniques. Hybrid methods may
include one unit for prediction and one unit for the
optimization of the prediction unit to provide an
accurate result [11]. Hybrid techniques profit from
the gains of two or more methods to perform better.

Therefore, it may be argued hybrid techniques
combine many single ML methods to create a new
method that is more flexible and robust than a single
ML method [11]. Hybrid methods have become well
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known because of their high potential and capacity.
Hybrid methods are like companies with exclusive
employees with good experience and skills who help
reach its only target. Hybrid techniques combine
machine learning models to enhance the
performance of a single model, but the hybrid model
could have an optimization model for other
prediction models to provide greater accuracy [29].
According to [30], using a hybrid algorithm has
positives when the dataset is complex and does not
give the desired accuracy when classifying it by one
classifier. The hybridization trend in machine
learning is unlimited. Every single ML can make a
new hybrid model in many ways, such as through
architectural integration, data manipulation, and
model parameter optimization [31].

3.2.1  Ensemble vs. Hybrid Model Machine
Learning

Combing classifiers to enhance performance is a
new trend in ML [32]. Hybrid and ensemble learning
has significant importance to scholars. Ensemble
models and the hybrid method both use the
integration principle but with a simple difference
because ensemble ML combines a homogenous
model unlike a hybrid classifier, which merges
heterogeneous models [32]. The ensemble classifier
is based on models that are grouped together to
make a group decision for prediction. A hybrid
classifier considers more filtering features; it is
called “hybrid” because it is interested in data
preprocessing and model creation, and unlike an
ensemble, there are no restrictions for the data
processing. In hybrid ML, each model is classified
by one classifier [33].

V. RESEARCH METHODOLOGY

In this research, the heterogeneous model
was used to combine more than one classifier to
produce a strong predictive model to predict student
performance by using real data. The heterogeneous
model combines XGBoost, CatBoost, and random
forest (RF).

First, the data was collected from the
ABBU student system. Then, we prepared the data
(cleaning it and making feature selections) into a
format that was acceptable for the classification
algorithm. After that, the dataset was ready to use.
Because we taught the model in this step, we split
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the data into a 70% training set and a 30% testing
set. The training set was trained by using a
heterogeneous ensemble ML strategy, in which we
anticipated the outcome of the three combined
algorithms: CatBoost, RF, and XGBoost using soft
majority voting (XGBoost) (We selected these
algorithms based on the literature research because
they were the most accurate and efficient in most
studies and demonstrated the best accuracy in the
experimental stage of this research). In the
heterogeneous ensemble classifier, we modified the
quantity of input features without using the
programming procedure (selecting a subset of the
features rather than all the features). After having an
output from the three models, we applied the
majority vote to create the final output. In the end, at
the validation step, our model’s accuracy, precision,
and recall was measured. Evaluations included
confusion matrix calculations, comparing our model
to other models, and a final determination of
whether the model met the established business
goals. This study aims to predict the academic status
of students and examine the effectiveness of various
predictive models on their academic performance.
Six phases comprised the suggested methodology:
data collection, data preprocessing, feature selection,
model development and training, model testing, and
evaluation outcomes. A summary of the
heterogeneous classification model’s methodology is
shown in Figure 6 for predicting student
performance.
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Fig. 6. Methodology flow chart

4.1 Feature (Data) Selection

The target variable was used in supervised feature
selection approaches, such as strategies that
eliminate irrelevant variables. Selecting
characteristics can be further subdivided into
wrapper and filter methods, which is another
approach for thinking about the mechanism being
employed. These techniques are usually supervised,
and the effectiveness of the resulting model on a
hold-out dataset serves as the basis for evaluation
[37].

Instead of focusing on cross-validation performance,
filter approaches capture the inherent characteristics
of the features assessed by univariate statistics.
Compared to wrapper methods, these techniques are
quick and less computationally intensive [38].
Models are created used different subsets of the
input features via wrapper-feature selection methods,
and the features that provide the model with the
highest performance score based on the performance
measure are then selected [37].
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o Information Gain

Information gain is used to determine how much
entropy will be lost as a result of a dataset update. It
can be used for feature selection by evaluating the
information gain of each variable in relation to the
target variable [37].

Figure (7) shows the feature importance using the
information gain method for the prediction statues
model feature.

o J
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3 Gender J
tigh_schoul_rate I
Rating -
e
Spedialization -
sudent_ 10 T
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Fig. 7. Feature selection based on importance for
student status prediction

As shown, the admission year feature was ranked
first in importance, and it is logical to predict
students’ state, the less important are high school
rate and age.

o Recursive Feature Elimination
Given an external estimator that assigns
feature weights, recursive feature elimination (RFE)
is a technique for selecting features by continually
taking into account smaller and smaller sets of
features (for example, the coefficients of a linear
model). Using the coef_ attribute or the feature
importances_ attribute, the estimator is first trained
on the original set of features to identify the
importance of each one. The remaining features are
then reduced in importance, starting with the least
important ones. Once the appropriate number of
features for selection has been reached, the
technique is recursively repeated on the pruned set
[37]. The box and whisker plot constructed for the
distribution of accuracy scores for each specified
number of features is shown in Figure 8.
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Because only 12 features are relevant to the
target variable, we can see that performance
improves as the number of features increases and
may peak between 12 and 14, as was anticipated.
Last but not least, Table 1 displays the following
features from the dataset.

TABLE 1
FEATURE DESCRIPTIONS
Feature’s Name Feature Description

Student_ID

A unique numerical variable
for each student

Specialization Includes 42 majors (encoded

from 1 to 42)

Includes six basic statuses:
Graduate: 1, Regular: 2,
Expected to Graduate: 3,
Dismissed: 4, Cut Off: 5,
Withdraw from University:
6.

Study_status

Age A numerical variable is the
age of the student accepted
into the university

A numerical variable; the
Tawjehe-Rate  of  each

High_school_rate

student

Gender Student’s gender numerical
variable; 1 for male and 2 for
female

Social_status A numerical variable; Single:

0, Married: 1, Divorced: 2

Admission_year A numerical variable
representing the year of
acceptance into the
university

Graduation_year A numerical variable

representing the year of
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finishing the study

YearlAvg A numerical variable
representing the average of
student grades at the first
year

Year2Avg A numerical variable
representing the average
student grade in the second

year

GPA A numerical variable is the
average  student  grade
(CGPA)

Rating A string variable
symbolizing the GPA in
ABBU instruction:

Excellence > 94, Excellent >
84, Very good > 76, Good >
68, Acceptable > 60, Weak >
50, Fail < 50.

V. RESULT AND DISCUSSION

Understanding and using  descriptive
statistics with the aid of visualization and plots
requires a critical analysis of the student’s academic
characteristics [39]. By providing the information in
a visual context through charts and graphs, data
visualization sits squarely at the heart of our
analysis, giving us a clear understanding of what the
data means. Further, it has resulted in the provision
of a usable method for data simplification and
formatting and comprehension of outliers and
patterns in the data while improving decision-
making when using data [40]. The dataset contains
19,700 records for students, divided into 10,667
female and 9,034 male students. For the Social
Status feature, students were visualized into three
categories based on their social status: there were
18,995 single students, followed by 649 married
students, and the divorced category of 56 students.

In the feature called Rating, we specify the rate of
each student based on the marking and grading
method of BSc students for AABU. Figure 9
illustrates the seven categories into which the
student rating in the Rating feature was divided.

* Excellence: This is the recognition of students with

average GPAs of 94 or higher; in our sample, 43
students received an Excellence rating.
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* Excellent: Students with a GPA ranging from 84 to
93.99%, and 1,609 students in our dataset received
an Excellent rating.

* Very Good: 4,597 students in our dataset received
this grade, which is given to students with a GPA
ranging from 76 to 83.99%.

* Good: 5,838 students received this commendation,
making it the most common one awarded to students
with average GPAs between 68 and 75.99%.

* Acceptable: According to our dataset, 4,443
students received this grade, which is given to
students with an average GPA between 60 and
67.99%.

* Weak: According to our dataset, 2,440 students
received this grade, which is given to students with
an average GPA of 50 to 59.99%.

e Failed: In our dataset, 731 students who had an
average GPA of 50 or less were considered to have
failed.

Student Rate

Acceptable

2440 = Excellence

) Excellent

43 )
4597 1609 Fail

Good

731

5838 Very good

Weak

Fig. 9. Visualization of student rate

In addition, the student’s data was collected
from many university colleges and majors. The basic
two  types of university = majors  are
humanistic/literary majors and science majors. The
most popular discipline for study was law with 1,209
students, followed by 957 students studying Grade
teacher major.

The student status was examined as the target class’s
most  crucial characteristic, and the status
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characteristic of Al-al-Bayt university students had
numerous categories, including six fundamentals:

1. Graduate: Students who graduated from the
university and moved on are considered to be
in this category. There were 2,598 students in
this category.

2. Regular; This refers to if the students are still
enrolled in school and up until they graduate;
13,166 students were given this rank.

3. Expected to Graduate: There are 82 students in
this status, and it includes students who need
only a few more hours to complete their
specialization hours.

4. Cut Off: In this situation, students leave the
institution without formally withdrawing; this
also includes students enrolled in special
studies who have the chance to improve their
academic standing for one or three semesters;
783 students are included in this category.

5. Dismissed: This refers to a situation in which a
student is expelled from a school or specialty
for moral or academic reasons. This category
also includes those who have been temporarily
withdrawn from classes and includes 253 other
students who were placed on academic
suspension for the semester (disciplinary).

6. Withdraw from University: In this case, the
student left the university unofficially, and
2,819 students fall into this category.

In this research, the dataset was 49,235 rows, and the
prepared data included 19,700 records. The
prediction model was built and tested to predict
study status, which describes the student’s status if
they graduated, studied at, or withdrew with from
the university. As a first step, we trained the model
(logistic regression, DT, support vector machine, K-
nearest neighbor, naive Bayes, multi-layer
perceptron, gradient boosting, random forest,
XGBoost, CatBoost, and LightGBM) in each of
these algorithms separately. After using the
classification methods on the dataset, the results
were distinguished using different evaluation criteria
and computed based on the confusion matrix, and
we determined their accuracy as shown in Table 2.
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rates for this model’s predictions of the students
statuses were 91%, 92%, and 91%, respectively,
according to Table 3. The ROC curve graph for this
heterogeneous model’s prediction of student status is
shown in Figure 10.

In the first experiment, the classification algorithms
(LR, DT, SVM, K-NN, NB, XGBoost, MLP, RF,
CatBoost, XGBoost, LightGBM) were simply
carried out one at a time on the dataset of 19,700
records with 12 features as inputs, one as an output,
and six state instances representing the status of the
student: Graduate, Regular, Expected to Graduate,
Dismissed, Cut Off, and Withdraw from University.

TABLE 3
HETEROGENOUS MODEL EVOLUTION

As we preViOUSIy indicated, a confusion matrix was Evaluation Precision | Recall | F1- Accuracy
used to create the four performance measures Measure Score
(Accuracy, Precision, Recall, and F-Score) that were
employed in the research to assess classification rﬂegg(reclageneous 0.91 0.92 1091 |0.9346
outcomes.
TABLE 2
MODEL EVOLUTION FOR PREDICTING
STUDENT STATUS Heterogeneous Ensemble Models ROC curve
Algorithm | Precision | Recall | F1- Accuracy 1.0 g —— ey
Score / i i i
LR 0.43 0.66 | 052 | 0.67266 084 . :' i E
H . ! !
DT 0.86 090 | 088 | 089477 4 { g m—— P
E 0.6 ‘r‘l === Class 2 vs Rest |: E
SVM 0.57 0.72 0.63 0.71588 2 | -=- Class 3 vs Rest I 1
g I,' --- Class 4 vs Rest I: i
KNN 0.87 0.89 0.88 0.88223 ¥ 0.4 1 ! |3 Class 5 vs Rest ! 1
= ! | Class 6 vs Rest ; H
NB 0.59 073 | 0.65 |0.72349 | A i E
0z | A
GB 0.92 092 [0.92 |0092451 i it ! '
I r t I
MLP 0.43 0.66 | 052 | 0.67266 0 "
0.0 02 0.4 0.6 08 10
RF 0.90 0.92 0.91 0.92922 False Positive Rate
CatBoost | 0.93 093 | 093 | 093154 Figure (10): ROC Curve for the Heterogeneous
Model for Predicting Student Status
XGBoost 0.92 0.93 0.92 0.93002
LightGBM | 091 092 092 1092871 The same qataset from AABU in Jordan
was used in two studies [35] and [36]. Table 4 shows
the results of these studies. The first study [35]

suggested a prediction model based on the XGBoost

Based on these two results, CatBoost had
the highest accuracy for making predictions
(students’ status), followed by RF and XGBoost;
however, other algorithms provided similar results
but were less accurate compared to the above
algorithms.Based on these results, the heterogeneous
model was created by merging CatBoost, RF, and
XGBoost (repeated 10 times to give more power to
this model). The accuracy rate for this heterogeneous
model, which was applied to a dataset of 19,700
records with 13 features as inputs and one output,
was 93.46%. The precision, recall, and F1-score
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classifier using the same dataset, and it produced the
best accuracy reach of 77%, demonstrating that our
proposed model produced better results considering
the classification accuracy reach of 93%. Bases on
these results, the DT accuracy was 76%, KNN
accuracy was 75.71%, and SVM accuracy was
75.69%. The results for these algorithms in straight
order were 89.47%, 88.22%, and 71.55%, which
verifies the usefulness of our proposed sophisticated
preprocessing approaches and potent contemporary

algorithms.
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The same dataset from the first study was
used in the second study [36] because she created an
XGBoost classifier with an accuracy reach of
91.61% and a LightGBM classifier with a 91.95%
accuracy reach. This demonstrates our suggested
approach produced superior results given the
classification accuracy reaches of 93% and 92.8%.
This also demonstrates the value of our suggested
sophisticated preparation approaches and application
of potent contemporary algorithms. However, we
examined other gradient boosting techniques she
applied. The final status prediction model produced
by the CatBoost algorithm had a prediction accuracy
of 92.16%, according to the performance output
findings. But it reached 93.15% in the model we
have created.

TABLE 4
PREVIOUS STUDIES’ RESULTS

Reference | Proposed Dataset Accuracy
Algorithms Results

[36] XGBoost, From Al- XGBoost:
LightGBM, al-Bayt 91.61%
Caoost | indorgan | LSNGEM
91.95%

CatBoost:

92.16%

[35] XGBoost, From Al- SVM:
K-Nearest al-Bayt 75.69%
oA

! 0,

RF, 75.71%

Support DT: 76%

Vector

. 0
Machine RF: 76.86%

(SVM), XGBoost:

and DT T7%

In general, the proposed heterogeneous model’s
accuracy reached 93.46% for predicting the final
student’s status model. Finally, we achieved our goal
of evaluating and comparing the accuracy of the
proposed models.

VI. CONCLUSION

The use of technology in education has
produced enormous volumes of data, which is the
focus of our work. We used real data from the Al-
Bayt University student dataset, analyzed and
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preprocessed the dataset, and identified most of the
characteristics or factors that influenced students’
performances in the university and student
performance prediction models. Therefore, the data
was cleaned and processed to train various data
mining models to define the classification method.

We selected the heterogeneous models based on the
best algorithms from the available options. We
revealed that CatBoost performed substantially
better than all other classifiers, with accuracy for the
predicting the student’s status model reaching
93.15%. That was followed by XGBoost
classification, achieving an accuracy reach of 93%.
Finally, at the end, the RF algorithm prediction
model accuracy reached 92.92%. Compared to the
other algorithms listed above, these three algorithms
provided the best accuracy. The heterogeneous
proposed model (which combines XGBoost,
CatBoost, and RF) provides an accuracy reaching
93.46% for predicting the final Student’s Status
model. A model based on a heterogeneous ensemble
classification technique was developed to predict
students’ academic performance, and when
compared to other models used for the same dataset,
the performance results demonstrated better
accuracy. We also found the optimum subset of
features that the input data can represent effectively
and significantly for affecting the prediction results.
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