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Abstract: Machine learning-based prediction models are valuable prediction tools for assessing university performance
as well as decision support tools for university governance and higher education system design. The prediction of
student outcomes to enhance learning and teaching quality is one subject that has attracted considerable attention for
different purposes. The first objective of this study is to develop and validate a prediction model using Machine
Learning algorithms that predict students' outcomes in the case of Moroccan universities based only on the outcomes of
courses taken in the previous semesters of university studies. This prediction model can be used as a basis for many
subsequent studies on different aspects of higher education such as governance, pedagogy, etc. As a first application, we
explore the responses of this prediction tool to analyze the outputs of the online learning experience that took place
during the Covid-19 pandemic period. To achieve this, four machine learning algorithms are tested such as J48 decision
tree, Random Forest, Multilayer Perceptron, and Na'we Bayes. The experimentations are developed by using Weka and
the two metrics “accuracy” and “ROC Area” enable to assess the predictive performance of the models. The obtained
results show that the Random Forest-based model provides superior results, as evidenced by its accuracy-ROC area,
which reached an accuracy of 90% with a ROC Area of 95%. The use of this model to explore the outcomes of the
distance learning experience taken during the Covid-19 pandemic, reveals a failure in the prediction performance of the
model during the Covid-19 pandemic period, which indicates a change in the system's behavior during this period when
teaching moved to the full online version in the year 2019/2020 and returned fully face-to-face in the 2021/2022 year.
The failure in the machine learning algorithms' performance when the system changes its behavior can be a limitation of
using prediction models based on machine learning in this context. On the other hand, these models can be used if they
are properly designed to identify changes in the behavior of a system as shown in this study. Therefore, the proposed
Random Forest-based model has the capability to forecast student outcomes accurately and can be applied for diverse
analyses within the Moroccan education system. These analyses include but are not limited to identifying students at
risks, guiding student orientation, assessing the influence of teaching approaches on student achievement, and
evaluating training effectiveness, among others.

Index Terms: Machine Learning, Prediction, Classifiers, Random Forest, J48, MLP, NB, Online learning, Academic
performance
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1. Introduction

Higher education systems face many challenges as quality control, information management, needs of local
societies, and costs. Universities are an important tool for the training of human capital and have a significant impact on
development and economic growth, therefore their effectiveness needs to be enhanced and their performance must be
evaluated [1, 2]. Due to their role in the development processes, these organizations are expected to continuously adapt
to the demands of their environment in an increasingly competitive market [3, 4, 5, 6, 7]. This adaptation process
naturally benefits from the rise of digital technology. Information and communication technologies (ICT), in addition to
their role in society, forces new teaching and research practices into universities [8]. Therefore, the gradual use of ICT
has had a significant impact on higher education, which is evident in the development of smart learning environments
on a global level [9, 10, 11, 12]. New forms of learning, based on ICT, are developing worldwide providing knowledge
and skills on a large scale [9].

Moreover, the evaluation of the performance of higher education becomes an important factor to ensure quality [7,
13]. For this purpose, various models for assessing the performance of universities, programs, and courses are proposed.
Some of them are analytical models [14, 15] whose exploitation remains limited since they generally require the
availability of fairly extensive data. Other are statistical models based on sociological correlations to identify
performance factors, which also refer to complex data with reduced availability [16, 17, 18]. Other works propose
student flow models for system management purposes [19] or prediction models based on machine learning [20, 21, 22,
23, 24, 25]. The latter, machine learning-based models, prove to be effective as prediction tools but their use is still in
progress, particularly in the case of Moroccan universities. Indeed, predictive tools can serve multiple purposes, they
can be used to assess university performance or to improve teaching methods. They can also be applied to the
governance of universities and the design of higher education systems as a decision-support tool.

The objective of this study is to develop a prediction model using Machine Learning algorithms that predicts
students' outcomes in the case of Moroccan universities and to use this tool to evaluate the performance of online
learning as it took place during the Covid-19 pandemic period.

Several works concerned the use of machine learning algorithms to predict academic performance, they mainly
focused on three aspects. The first is the definition of the forms in which academic performance results should be
predicted; the second is the identification of the critical factors that influence academic performance; and the third is the
elaboration of effective models for academic performance prediction. A systematic literature review on predicting
student academic performance using data mining and machine learning techniques was conducted by [26]. This study
examined 62 papers published in 7 databases of which 56.45% were in peer-reviewed journals and 43.55% in
proceeding conferences between 2010 and November 2020 and was interested in synthesizing the results of these works
by focusing on the three aspects mentioned above.

For the first aspect concerning the different forms of predicting academic performance outcomes, the study [26]
was mainly interested in predicting the achievement of learning outcomes which represents a proxy for academic
performance. The authors conclude that the prediction models developed in the papers studied can predict learning
outcomes in different forms. Thus, more than 54% of the works predicted learning outcomes in the form of performance
classes generally of two classes such as “pass” — “fail”, “certification” — “no certification”, and "on-time graduation” -
"no on-time graduation” or four classes such as “high risk”, “medium risk”, “low risk”, and “no risk”. 32% of the works
predicted learning outcomes in the form of achievement scores. The remaining work predicted them either as perceived
competence or as failure and graduation rates or other.

The study's second finding, which is related to the identification of critical factors that affect student outcomes, is
that there aren't any explanatory models that can pinpoint the factors that affect student outcomes at the course and
program levels. Only three key factors - student online learning characteristics, assessment outcomes, and student
emotions - were identified as having a substantial influence on the accuracy of student outcome predictions, according
to nearly 30% of the work. The results of over 30% of the research were ambiguous on the effects of the characteristics
they explored. The authors conclude that generalization of these results cannot be done because the efficacy of these
predictive models is only known for the datasets on which they were trained and because of the difference in the
number of courses used to understand the influence of certain characteristics on student learning in the different works
discussed.

In the third part of this study, the authors concluded that almost 86% of the models synthesized were based on
statistical modeling and supervised machine learning algorithms to forecast the learning results. Unsupervised machine
learning algorithms were applied by only a few models. The most used classification algorithms for learning models
include regression, neural networks, and tree-based models. This synthesis shows that Hybrid Random Forest, 3-L
feedforward neural network, and Naive Bayes are the highest-performing predictive models.

In contrast to works done after this synthesis, [27] used various machine learning models for predicting academic
achievement to identify low-achieving students. A database with 480 records and 16 attributes was used for the
investigation. According to their findings, Support Vector Machine (SVM) had the highest prediction accuracy (70.8%),
followed by Random Forest (RF) (69.7%), Logistic Regression (LR) (67.7%), Multilayer Perceptron (MLP) (64.5%),
and finally Decision Tree (DT) (46.8%). While [28] investigated various prediction models utilizing the DAPODIKA
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Indonesian Standardized Database and score history data from three schools in Indonesia with a total of 759 students
and 33 factors to predict students' final grades. The findings of this work demonstrated that each algorithm performs
predictions with a varied level of accuracy even while using the same attributes from different schools’ datasets. K-
Nearest Neighbors (KNN) has the best forecast performance for the first school (77.36%), Decision Tree (DT) has the
best performance for the second school (85.71%), and Na'we Bayes (NB) has the best performance for the third school
(79.41%). In other research and in order to predict students' academic performance, the application of six classifiers on
three different databases was compared: C5.0, J48, CART, NB, SVM, KNN, and RF. Three databases are gathered: one
from Kaggle, which has 480 records and 16 attributes, and two from UCI Machine Learning Repository, one with 395
records and 33 attributes and the other with 133 records and 32 attributes. The results of the model performance
comparison revealed that RF and C5.0 provide the best prediction performance for the three databases after using the
attribute selection and optimization procedures for the various databases and classifiers. Thus, the prediction
performance obtained by the classifier C5.0 is for database 2 which is between 99 and 100% when the confidence factor
(CF) is set to 0.6 and the number of trials is 9. When there are 20 trees, RF achieves 100% of its maximum performance
for database 2.

To forecast student academic performance, many research studies develop prediction models based on machine
learning algorithms. It is demonstrated that some of them perform better than others. It appears from these works that
choosing the best algorithm depends heavily on data. To improve the prediction performance of these models, some
works investigate various methods of selection of the attributes that influence the student's performance and the
prediction performance of the models. Others use techniques for optimizing the hyper parameters of the algorithms to
increase their prediction performance. In other papers, it is suggested to combine a group of classifiers to create an
ensemble learning technique to achieve better predictive performance [29]. The most popular ensemble techniques are
boosting and bagging. The bagging approach involves replacing a random sample of data from a training set. The
classifier models are then trained individually after producing numerous samples of data, and depending on the task, the
prediction will either be the average of the individual predictions in the case of regression or the majority of the
predictions in the case of classification. As a result, the prediction is more accurate.

Other studies have explored the use of unsupervised learning (UL) and deep learning to predict student academic
performance. Indeed, the use of unsupervised learning for predicting student performance is less common than
supervised learning [26]. UL is mainly used for data mining, dimensionality reduction and clustering. It can be used to
segment students into homogeneous groups based on their learning behaviors or performance, which can help
personalize teaching and student support. Although unsupervised learning can offer interesting prospects for predicting
student performance by identifying hidden patterns in the data, its use in this field is less widespread than supervised
learning.

Conversely, deep learning methodologies such as convolutional neural networks (CNNs) and recurrent neural
networks with long-term memory (RNN-LSTMs) have demonstrated their potential in predicting student performance
at different phases of courses, including at the mid-point of online course delivery [30].

Previous research demonstrated that it is possible to forecast students' outcomes, but the transferability and
generalizability of the prediction model across different courses are still limited. One of the main causes of this situation
is that the performance of prediction models is affected by the variety of attributes and the categorizations used by the
different prediction models. In this study, we aimed at developing a prediction model for Moroccan universities' courses.

The first objective of this study is to develop and validate a prediction model using Machine Learning algorithms
that predict students' outcomes in the case of Moroccan universities based only on the outcomes of courses taken in the
previous semesters of university studies. Note that this tool can be applied to any other type of educational system if it
is based on the validation of previous teaching sessions. This prediction model, if sufficiently reliable, can be used as a
basis for many subsequent studies on different aspects of higher education such as governance, pedagogy, etc. As a first
application, we use the responses of this prediction tool to explore the outputs of the distance learning experience that
took place during the Covid-19 pandemic period.

This is the second objective of this work which consists in applying the proposed model to compare the predicted
results of student success with the actual results obtained by these students during the Covid-19 pandemic. The purpose
is to characterize the changes in system behavior resulting from the change introduced by Covid-19 pandemic.

In fact, the Covid-19 pandemic has caused unprecedented disruption in all sectors, including the educational world.
This forced many universities to immediately switch to online learning to ensure continuity of learning. Additionally,
many academic institutions that were previously unwilling to change their traditional pedagogical approach were left
with no choice but to transition to fully online learning.

Therefore, the first interest of this research is to obtain a validated prediction tool for Moroccan universities, which
could be used as a decisive tool in the management of educational systems, in the choice of student orientation, and as a
tool for improving the performance of university training by providing additional information on the effectiveness of
pedagogical and organizational choices. The second interest of this research is to obtain some highlights about the
period of the Covid-19 pandemic, when distance and hybrid learning began to be massively adopted and whose impact
continues, and also show some limitations on the use of machine learning algorithms in case of sudden changes in
system behavior.

To accomplish the first goal, we examine various machine learning algorithms, J48 Decision Tree, Random Forest
(RF), Multilayer Perceptron (MLP), and Na'we Bayes (NB), that predict students' performance solely using their prior
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results as training data. After a review of these algorithms' accuracies, we select the most suitable model for the purpose
of this study. To achieve the second objective, we use the established model to predict the students' results for the
Covid-19 period. We then compare these predictions to the actual student outcomes to examine the system behavior
during this period.

The originality of this work lies in the fact that it proposes a prediction model for student results in Moroccan
universities, based solely on the students' previous results, due to the availability and reliability of this data. In general,
models are also based on students' personal data such as gender, parents' occupation, students' income, residence, family
size, parents' education / occupation, distance traveled, but these data are not commonly available in Moroccan
universities databases and are therefore unusable.

However, despite the limited information fields available in the databases, the proposed model is suitable for use in
various studies and analyses of the Moroccan higher education system, either for aspects in relation to system
governance to improve system performance, or for pedagogical purposes to improve student learning.

The rest of this paper is organized as follows: Section 2 describes the methodology used to carry out this work and
in section 3 the results obtained are presented and discussed. Finally, section 4 concludes this work.

2. The Proposed Methodology

The first purpose addressed by this study concerns the development of a prediction model based on machine
learning algorithms to forecast student performance, and the second involves using the developed model to examine
how the educational system's behavior was impacted during the Covid-19 pandemic.

The prediction model is developed by using “Waikato Environment for Knowledge Analysis (WEKA)” which is
an open-source software developed at the University of Waikato, New Zealand [31]. WEKA offers tools for processing
data, implementing machine learning algorithms, and providing visualization tools to create prediction models. WEKA
is often used to build prediction models for academic performance [32, 33, 34, 35].

The proposed student’s outcome prediction model is developed in four main steps as shown in Figure 1 below.
These successive steps are the data collection and pre-processing, the training machine learning algorithm, the
performance evaluation, and the prediction phase based on new data.

Step 1

Data collection & Pre-processing

Step 2
Training Machine Learning Algorithms

J48 RF MLP NB

Step 3
Performance Evaluation

Accuracy Precision Recall ROC Area

Step 4
Making prediction on new data

Student Result Prediction
New students' Data Model

Fig. 1. Steps for developing the prediction model

2.1 Data Collection and Pre-Processing
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This step is about the collection and pre-processing of data that will be used to train and test machine learning
models. As the objective of this study is to develop a model for predicting students' academic performance based solely
on their academic history, the necessary data are retrieved from the student database of the university that delivers the
courses under study. Once the data are collected, the next task is the pre-processing of the data which is an important
task in the machine learning process because it can help to improve the performance of the model [36]. The data
collected may contain several null values and irrelevant fields and this task refers to a set of actions that are performed
on data to prepare their use in training and testing machine learning models. Thus, the collected data are cleaned by
removing the outliers’ data and by correcting missed data. Categorical attributes are also defined according to the
objectives of the study and then the values of attributes are converted to these categorical attributes.

2.2 Training Machine Learning algorithms

Several machine learning algorithms, mostly Logistic Regression, Artificial Neural Network, K-Nearest Neighbor,
Na'we Bayes, Decision Tree, Support Vector Machines, and various ensemble methods have been used in the literature
to predict student performance [24]. This study is carried out with the most used algorithms that achieve high predictive
performance, namely J48 [24, 28, 37, 38], Random Forest [27, 37, 39], Multilayer Perceptron [27, 37, 38], and Nawve
Bayes [28, 32, 39, 40], we briefly recall in what follows the operating mode of these algorithms.

JA8 algorithm is used to generate a decision tree based on C4.5 algorithms [35]. The decision tree prediction
methods are popular among academics due to their simplicity, ease of use when examining both small and big data sets,
and ability to estimate missing attributes and handle unique and variable properties [24]. A set of IF-THEN statements
is used to represent the logic that goes into creating a decision tree algorithm which is composed of a root node, several
internal nodes, and many leaves. Every internal node corresponds to an attribute, the leaves to the assignment classes,
and the arcs between the nodes to the tests conducted on each node. The decision tree has been used in numerous
research to forecast student achievement. This method's prediction accuracy is about 70% in [24, 37] , 85.71% in [28],
and reaches 90% in some cases [38].

Random forest (RF) is a supervised machine learning algorithm that is frequently employed in classification and
regression issues. It is a decision tree-based ensemble learning approach. It involves building several decision trees
from split data sets created from the original data while randomly choosing a subset of variables for each decision tree
step. Random Forest uses voting to obtain the results of prediction for the classification tasks and the average for the
regression tasks. In terms of classification issues, it delivers better results. Random Forest is used in various studies to
predict students’ performance [37, 39]. The accuracy of prediction varies between 69.7% [27] and 100% with specific
settings.

Multilayer perceptron (MLP) is a supplement of a feed-forward neural network. The input layer, output layer, and
hidden layer are the three different kinds of layers that make it up. The input layer is where the input signal for
processing is received. The output layer handles the prediction and categorization. The real computational engine of the
MLP consists of an arbitrary number of hidden layers sandwiched between the input and output layers. It uses
supervised learning, also known as back-propagation, for training [35, 33]. The accuracy reached by this algorithm for
predicting students’ performance is around 65% [27].

Naive Bayes (NB) methods are a set of supervised learning algorithms based on the application of Bayes' theorem
with the "naive" assumption of conditional independence between each pair of features given the value of the class
variable. Naive Bayes classifiers have performed well in a variety of real-world circumstances despite their overly
simplistic assumptions. They need a minimal amount of training data to estimate the necessary parameters [32, 40].
The best performance obtained by NB to predict the performance of students is around 79% in [28].

The training of each algorithm is done by splitting the dataset into a train data and a test data and also by using the
k-fold cross-validation method. A k-fold cross-validation procedure divides a limited data set into k-folds. Each k-fold
can be used as a test set, while all other folds are used as a train set. A total of k models is fitted and evaluated on the k
folds and report the average performance [35]. All the models developed are saved for making a prediction on new data.

2.3 Performance Evaluation

After training the models, the next step is dedicated to the evaluation of their performance to identify their ability
to make predictions on new data and to select the appropriate machine learning algorithm. For this, various evaluation
metrics are used for classification problems such as accuracy, precision, recall, F1-Score, and AUC-ROC curve based
on the confusion matrix [41].

Actual values and predicted values are represented by the four items TP (True Positive), FN (False Negative), FP
(False Positive), TN (True Negative), and FP (False Positive), respectively, in a confusion matrix. TP (True Positive)
indicates that both the predicted class and the actual class are True, FN (False Negative) indicates that the class is
predicted to be False but that the actual value is True, FP (False Positive) when the predicted class is True and has
actual value as False, and TN (True Negative) when both predicted and actual values are False.

Based on the components of this matrix, synthetic indicators are usually introduced. The most common evaluation
metric is accuracy, which is calculated as the proportion of the right predictions to all forecasts. However, it is
suggested against the use of accuracy when dealing with an imbalanced class distribution [41]. This limitation is
overcome by introducing the “precision” and “recall” metrics. The precision metrics are measured as the ratio of the
True Positive to the total positive predictions (True Positive and False Positive). The recall, also known as sensitivity,
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seeks to determine the percentage of true positives that were wrongly classified. The ratio between the humber of True
Positives and all Positives can be used to compute it. Therefore, recall assesses a classifier's performance regarding a
false negative, whereas precision provides information on a classifier's performance concerning a false positive.

The F1-Score, which may be calculated as the harmonic mean of both precision and recall while giving each
metric equal weight, can reflect both the Precision and Recall metrics. The F1-score is given by:

F1o 2*Pre-c-|5|on*RecaII (1)
Precision + Recall

In addition to these metrics, the AUC-ROC curve is one of the popular metrics for evaluating the performance of
the classification models [41] [42]. The Receiver Operator Characteristic (ROC) curve is a probability curve and is
plotted at TPR (True Positive Rate) vs. FPR (False Positive Rate) where the TPR is on the Y axis and the FPR is on the
X axis. The Area Under the Curve (AUC) represents the degree of separability: If is closer to 1, it means the model has
a high-class separation capacity and if is closer to 0, it means the model has no class separation capacity.

In this study, we will focus on two performance metrics, namely the “Accuracy” which allows knowing the
proportion of correct predictions compared to all predictions, and the ROC Area curve which is one of the most
significant evaluation measures for assessing the performance of any classification model. It reveals whether the model
can differentiate between the various classes. Note that the prediction performance of these models is checked by using
a random database to ensure, by the opposition, that the retained training database used to design these models contains
relevant information and thus leads to valid predictions.

2.4 Making a prediction on new data

After the algorithm evaluation step, we proceed to predict the results of new students by using different models.
An analysis of the prediction results is then performed to select the appropriate prediction model.

These steps validate the predictive model that predicts the result’s students in a course or a program based solely
on their grades prior to that course or program.

3. Results and Discussion

This paragraph presents the main results obtained through the implementation of the methodology detailed in the
previous section for the case of courses given in a Moroccan university. A forecasting model predicting the 4th-
semester results of the “Mathematical Sciences and Application” program of the cycle “license” in a Faculty of
Sciences is proposed. This forecast is based on the results of a total of 20 courses during the semesters 1, 2, and 3
studied previously by the students in the university.

Let us note that the “license”, which corresponds to the first three years of study, is the first degree of the higher
education cycle in Moroccan universities. There are two semesters in each academic year. The first year is divided into
semesters 1 and 2, each with seven modules. The second year is made up of semesters 3 and 4, each of which has 6
modules. The third year is made up of semesters 5 and 6, each of which has 6 modules.

3.1. Data Collection and Pre-Processing

The data are obtained from the student database of Hassan Il University of Casablanca as Excel files. Thus, five
Excel files related to the academic years 2017/2018, 2018/2019, 2019/2020, 2020/2021, and 2021/2022 were collected.
The next step was the data pre-processing which is a crucial task that is used before applying machine learning
algorithms. Data preprocessing involves data cleaning, data transformation, and feature selection.
Data cleaning: Data cleaning entails the elimination of irrelevant or null records from the dataset, ensuring its integrity.
This step involves identifying and removing any null or redundant values. Table 1 below illustrates the number of
students per year before and after data cleaning, indicating the removal of records containing missing values.

Table 1. Number of students before and after Data Cleaning

Number of students before Number of students After
Data cleaning Data cleaning
2017/2018 138 135
2018/2019 104 99
2019/2020 84 82
2020/2021 63 59
2021/2022 53 52

Data Transformation: Data transformation is also considered one of the main steps in preprocessing process. So,
the dataset used in this research is educational dataset, where course results from all previous semesters are taken into
account. Student results are converted into categorical values to represent class labels for classification. These
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categorical values are "V" for validated result and "NV" for non-validated result. The Excel files are then converted into
CSV files which is a WEKA-compatible format.

So, the 2017/2018 file, used for training machine learning models, contains results obtained by 135 students with
21 attributes, which are the results of the Semester 1, Semester 2, and Semester 3 courses and the 4th-semester’s results
received by the students. Files related to the other years are used as new data for the prediction model to predict the 4th-
semester result of each year. Figure 2 below shows the number of students for each year.

Number of students

135
99
100 82

80 59 52
60
40
20

0

2017/2018 2018/2019 2019/2020 2020/2021 2021/2022
Fig. 2. Number of students by academic year

3.2. Training Machine LearningAlgorithms

For training the four algorithms chosen, J48, RF, MLP, and NB, we insert in Weka the 2017/2018 year’s file as
training data as shown in Figure 3. The blue bar represents the number of students that have validated the 4th-semester
and the red bar represents the number of students that do not validate this semester.

Current relation Selected attribute

Relation: SMA4_2017-18 WEKA Attributes: 21 Name: Semester 4 Type: Nominal
Instances: 135 Sum of weights: 135 Missing: 0 {0%) Distinct: 2 Unique: 0 (0%)
Attributes No. Label Count Weight
Al None Invert Pattern 1 NV 9 9
2V 56 56
No. Name
7 _|Llanguage & Terminologyl
8| Analysis 2
9| Analysis 3
10| Algebra 3
11| Electricity
12| Optics1 Class: Semester 4 (Nom) v | Visualize A

13| Informatics 2

14 |language

15[ | Analysis 4

16 | Analysis 5

17 | Algebra 4

18| Probability 8 Statistics
19 Electricity 3

20| Informatics 3
21 [ Semester 4

Remove

Fig. 3. Visualization of the training dataset in Weka

Figure 4 presents the characteristics of the 21 database attributes in form of graphs. Each graph corresponds to a
characteristic that denotes a certain course. There are two bars on each graph for a course. The first bar represents the
proportion of students who have validated the course in question, and the second bar represents the proportion of
students who have not. The proportion of students who have validated 4th-semester is shown by the blue color in both
bars, whereas the proportion of students who have not validated 4th-semester is represented by the red color.

Considering the first graph in this Figure as an example, that graph corresponds to the characteristics of the
"Analysisl" course. The first bar indicates that 122 students have validated the course “Analysis1”, whereas the second
bar indicates that 13 students have not validated the course "Analysis1". Each bar's red color indicates the proportion of
students who have validated 4th-semester, while the blue color indicates the proportion of students who have not.

Volume 16 (2024), Issue 4 23



Students’ Results Prediction Using Machine Learning Algorithms and Online Learning during the COVID-19 Pandemic

Trerm

Analysis 1 Algebra 1 Algebra 2 Mechanics 1
) 0
- — - [ - - =
P ——
e iz ] Anddysa 2
. o -
- I - k| - g
——
Analysis 3 Algebra3 Electricty Optics
0 20 2 s
- H - - L2 - I
I & I ——
Informatics 2 Language Analysis 4 Analysis 5
o - o ‘
i — [ ]
Algebra 4 Probability & Statistics Hlectricity 3 Informatics 3
B2 88 B 102
53 i3
o
- - - [
N
Groad
.
- -

Fig. 4. Visualization of the attributes in Weka

Figure 5 below shows in detail the correlation between the results of the "analysis1" course example and the results
of the 4th-semester.

&) Weka Explorer: Visualizing SMA4_2017-18_WEKA — O X
X: Analysis 1 (Nom) ~ Y. Semester 4 (Nom) v
Colour: Semester 4 (Nom) ~  Select Instance v

Reset Clear Open Save Jitter ®

Plot: SMA4_2017-18_WEKA
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: ,
:
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! :
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4
: i
X LY L
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v : i
Hv A &

Class colour

NV W

Fig. 5. Correlation between the “Analysis1” course results and the semester 4 results

The training of each algorithm is done by splitting the dataset into 70% as train data and 30% as test data which is
widely used [43, 33, 44] and also by using the 15-fold cross-validation method. Several tests with different values of
these parameters were performed and the comparison of the prediction performance metrics showed that the best results
are obtained with the retained values.

Figure 6 below outlines the operating principle of the J48 algorithm’s training model in Weka, for which the output
is the prediction performance of the algorithm illustrated in Figure 7.
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Fig. 6. J48 algorithm’s training model in Weka

The input of the model is the ‘ArffLoader’ module which allows the loading of the training database. This module
is then connected to the ‘ClassAssigner’ module using the ‘dataset’ connection, in which the 4th-semester attribute is
specified as the class attribute. The values from the training database are merged in the next module, ‘TrainTest
SplitMaker’. This example splits the database into 30% for the test set and 70% for the train set. The ‘J48 classifier’
module is then linked to this one via the train-set and test-set connections. The first connection enables the model's
training, and the second connection enables the model's application as a predictor of test data and the comparison of the
predictions with the actual value in the data. The trained model is then connected to the
‘ClassifierPerformanceEvaluator’ module on one side to assess the trained model's prediction performance, and to the
‘TextViewer’ module on the other side to display the trained model. The ‘ClassifierPerformanceEvaluator’ module is
linked to a ‘textviewer2’ module to visualize the performance metrics. For more details concerning the operation
principle in WEKA, see [31].

The models resulting from this training for the four selected algorithms are saved in Weka as well as the
performances of each model. Figure 7 to 10 show the performance metrics for these algorithms by using 15-fold cross
validation. These results and the results by splitting the data set into 70% training-set and 30% for test-set are analyzed
in the next step.

=== Evaluation result ===

Scheme: J48
Options: -C 0.25 -M 2
Relation: SMR4 2017-18 WEERA

=== Summary ===

Correctly Classified Instances 114 84.4444 %
Incorrectly Classified Instances 21 15.5556 %
Fappa statistic 0.6804

Mz=an absolute error 0.262¢6

Root mean squared srror 0.3647

Relative absolute error 54.0267 %

Root relative sgquared error 73.9751 %

Total Number of Instances 135

=== Detailed Rccuracy By Class ===

TP Rate FP Rate Precision Recall F-Measurs MCC ROC Rrea FPRC ARrea Class

0,861 0,175 0,872 0,861 0,866 0, &80 0,765 0,764 NV

0,821 0,135 0,807 0,821 0,814 0, &80 0,765 0,665 v
Welghted Avg. 0,844 0,162 0,845 0,844 0,845 0, &80 0,765 0,725

=== Confusion Matrix ===

a b <—— classified as
€8 11 | a = NV
10 46 | b =7V

Fig. 7. J48 algorithm performance metrics with 15-fold cross validation
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=== Evaluation result ===

Scheme: RandomForest
Options: -P 100 -I 100 -num-slots 1 -K 0 -M 1.0 -V 0.001 -3 1
Relation: SMAR4_ 2017-18_WEER

=== Summary ===

Correctly Classified Instances 108 80 %
Incorrectly Classified Instances 27 20 %
Kappa statistic 0.5554

Mesan absolute error 0.2641

Root mean sguared error 0.39%96

Relative absclute error 54.3319 %

Root relative squared error 80.309 %

Total Number of Instances 135

=== Detailed Leocuracy By Class ===

TF Rate FP Rate Precision Recall F-Msasurs MCC ROC Area PRC RAresa Class

0,785 0,179 0,861 0,785 0,821 0,599 0,810 0,815 NV

0,821 0,215 0,730 0,821 0,773 0,599 0,810 0,683 v
Weighted Avg. 0,800 0,194 0,807 0,800 0,801 0,598 0,810 0,76l

=== Confusion Matrix ===

a b <-- classified as
€2 17 | a = NV
10 46 | b =7V

Fig. 8. RF algorithm performance metrics with 15-fold cross validation

=== Evaluation result ===

Scheme: MultilaysrPerceptron
Options: -L 0.3 -M 0.2 -N 500 -v 0 -3 0 -E 20 -H a
Relation: SMR4_2017-18_WERA

=== Summary ===

Correctly Classified Instances 108 80 %
Incorrectly Classified Instances 27 20 %
Fappa statistic 0.5554

Mean absolute error 0.2604

Root mean sgquared srror 0.4087

Relative absolute srror 53.5792 %

Root relative squared error 82.4962 %

Total Number of Instances 135

=== Detailled Accuracy By Class ===

TP Rate FP Rate Precision Recall F-Msasurs MCC ROC Area PRC Aresa Class

0,785 0,179 0,861 0,785 0,821 0,599 0,833 0,866 NV

0,821 0,215 0,730 0,821 0,772 0,599 0,833 0,737 A
Weighted Avg. 0,800 0,154 0,807 0,800 0,801 0,599 0,833 0,812

=== Confusion Matrix ===

a b <-- classified as
62 17 | a = NV
10 46 | b =7V

Fig. 9. MLP algorithm performance metrics with 15-fold cross validation
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=== Evaluation result ===

Scheme: NaiveBayes
Relation: SMAR4 2017-18_WEFRA

=== Summary ===

Correctly Classified Instances
Incorrectly Classified Instances
Fappa statistic

Mzan abksolute srror

Root mean squared error

Relative absolute error

Root relative squared error
Total Number of Instances

=== Detailed Accuracy By Class ===

TF Rate FFP Rate

0,747 0,125
0,875 0,253
Weighted Avg. 0,800 0,178

=== Confusion Matrix ===

a b <-— classified as

58 20 | a = NV
7459 | b=V

108
27

135

L6015
.1547
.4005
40.
81.

0593 %
221 %

Precision Recall
0,894
0,710
0,818

0,747
0,875
0,800

Fig. 10. NB algorithm performance metrics with 15-fold cross validation

3.3. Performance evaluation

80 %
20 %

F-Measurs MCC

0,814 0,613
0,784 0,613
0,801 0,613

ROC Area
0,874
0,874
0,874

Class
NV

Table 2 shows the different metrics for evaluating the performance of trained models by using 15-fold cross-
validation and Table 3 summarizes the different metrics by splitting the dataset into 70% for train set and 30% for test

set.

Table 2. Metrics for evaluating the performance of algorithms by using Cross Validation

15-fold Cross-validation
Accuracy Precision Recall ROC Area
J48 84.4% 84.5% 84.4% 76.5%
RF 80% 80.7% 80% 81%
MLP 80% 80.7%% 80% 83.3%
NB 80% 81.8% 80% 87.4%
Table 3. Metrics for evaluating the performance of algorithms by splitting the trainset
Train_set=70% et test_set=30%
Accuracy Precision Recall ROC Area
J48 92.5% 92.6% 92.5% 92.6%
RF 90% 90.5% 90% 95%
MLP 85% 86.6% 85% 77.2%
NB 87.5% 90.1% 87.5% 96.5%

The comparison of the accuracy of the different algorithms is represented in Figure 11 below:
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Accuracy by algorithm

92.50%
95.00% - 90.50% 90.10%
9000% 5 0 86.60%
85.00% 80% 80% 80%
80.00%
75.00%
70.00%
348 RF MLP NB

m15-fold CV  m70% train_set & 30% test_set

Fig. 11. Comparison of the accuracy of the algorithms

It appears from Figure 11 and Tables 2&3 that for the 15-fold cross-validation, the best accuracy is obtained by the
J48 algorithm which is around 84% but with the lowest ROC Area (76.5%). This algorithm also obtains the best
accuracy by splitting the data set on 70% for the train set and 30% for the test set with a ROC area equal to 92.6%. For
the other models, the best accuracy is obtained by Random Forest with train set=70% and test set=30% which is 90%
with ROC Area = 95%. These results indicate that the RF model offers a balance between the accuracy and the ROC
Area. To confirm the choice of model, these results will be contrasted in step 3.4 below with those of the 2018/2019
prediction.

Before using the developed predictive models to make predictions on new data, and to ensure that the dataset of
the 2017/2018 year used to train the different models allows giving valid prediction results, a random database is used
to train the algorithms and the performance metrics of these algorithms are recorded. Figure 12 summarizes the
characteristics of this dataset.

Analysis 1 Algebra 1 Algebra 2 Mecanics 1
aa o 4

Thermadynamics Informatics 1
- -

Analysis 3 Algebra 3
& a1

-
-

0

Language & Terminology Analysis 2
5

as

Electricity Optics 1
22

"

a 23

Informatics 2 Language

a8

Algebra 4 Probability & Statistics

s at

Semester 4

--

Fig. 12. Characteristics of the random dataset
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The results of this step are summarized in table 4 below:

Table 4. Performance evaluation by using a random dataset

Cross validation = 15
Accuracy Precision Recall ROC Area
J48 52.5% 52.6% 52.5% 53.5%
RF 53.75% 53.8% 53.8% 44.9%
MLP 48.75% 48.7% 48.8% 49.9%
NB 45% 44.7% 45% 44.4%
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We notice that by using a random database, the order of magnitude of the performance metrics is 50% for the four
algorithms studied. This average of 50% agrees with the random draw on a large number of students of the two possible
results which are V and NV. On the other hand, the orders of magnitude obtained for the real data are 80% to 90%
depending on the algorithms, which means that relevant information is indeed contained in these data.

To finalize the selection of the most appropriate model, prediction of 4th-semester outcomes for the 2018/2019
year is made by using the four models. The analysis of the prediction results is presented below.

3.4. Making a prediction on new data

After the evaluation of the algorithms based on data from the academic year 2017/2018, the prediction of student
results with different algorithms for the following year 2018/2019 is made to compare the prediction results with the
actual results and identify the best-performing algorithm. Table 5 summarizes the obtained results for the 4th-semester
forecasts for the year 2018/2019.

Table 5. Prediction results for the 4th semester of the 2018/2019 year

Prediction with Prediction with
Real results 70% train set and 30% test set 15-fold Cross Validation
J48 MLP NB RF J48 MLP NB RF
Students who
validate the 4" 28 32 37 42 33 32 37 42 33
semester
Students who don’t
validate the 4" 71 67 62 57 66 67 62 57 66
semester
Total 99 99 99 99 99 99 99 99 99
Validation Rate 28.28% 32.3% 37.37% 42.42% 33.33% 32.3% 37.37% 42.42% 33.33%

Note that the results differ from one algorithm to another but that for the same algorithm, the predictions are
identical for type “database split” or type “cross validation” learning methods. The confusion matrix and the accuracy
of each algorithm for the prediction results are shown in Table 6 below.

Table 6. Confusion matrix and the prediction accuracy by algorithm for the 2018/2019 year

J48 RF MLP NB
TP 26 26 26 26
FP 63 62 58 54
N 6 7 11 16
FN 4 4 4 3
Accuracy 89,90% 88,89% 84,85% 80,81%

The J48 and RF models, with respective prediction accuracies of 89.9% and 88.9% for the years 2018/2019,
provide the best results. The ROC Area parameter is greater for RF than for J48, so the RF algorithm gets better
forecasts than J48 (see Tables 1 & 2) and is the most suitable in comparison with J48, MLP, and NB for obtaining
forecasts. Therefore, the RF model is selected for predicting student outcomes.

These findings, with accuracies reaching nearly 90% for RF and J48 algorithms, suggest that machine learning
algorithms can be used with some confidence to forecast student outcomes merely based on their prior performance.
Knowing that other characteristics, such as demographic, socioeconomic, academic, and environmental factors, play a
role in a student's success [22, 27, 32, 26, 28], it can be singular to note that even if these aspects were not considered,
the results obtained present an accuracy of the order of 90%. One explanation is to consider that these aspects are
already implicitly incorporated to some degree into the outcomes that the students have already obtained and which are
the basis of the predictions made.

3.5. Students’ outcomes prediction during the Covid-19 pandemic period

To highlight the changes in system behavior resulting from the change introduced by Covid-19 pandemic, we
proceeded first to predict the results of 4th-semester by the Random Forest of 2017/2018 year whose data constituted
the training data. Then the prediction of the results of the 4th-semester of the year 2018/2019, which is the year before
Covid-19, are made as well as those of the following years. Note that during the Covid-19 year, 2019/2020, teaching
that was entirely face-to-face has shifted towards a fully online configuration. For the academic year 2020/2021, the 4th
semester was taught in a hybrid version, mixing a face-to-face part and another remotely. Finally, for the year
2021/2022 the teaching is all-face-to-face.
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The prediction results, compared to the real results, are gathered in Table 7 below and illustrated in Figure 13.

Table 7. predicting semester 4 results from 2017/2018 through 2021/2022

2017/218 2018/2019 Cj&tg_’fgof/g . 2020/2021 2021/2022
Face-to-face Learning Face-to-face Learning Online Learning Hybrid Learning Face-to-face Learning
Real Predicted Real Predicted Real Predicted Real Predicted Real Predicted
\Y% 56 60 28 33 38 30 26 27 15 25
NV 79 75 71 66 44 52 33 32 37 27
Vag‘;"’t‘g"” 4148% | 444% | 2828% | 33.33% | 46.34% | 369% | 44.07% | 45.76% 28.9% 48%

Real results vs Predicted results for the Validation rate

48%

44% 46% 44% 46%

50% 41% 7
| 0
33%
40% 28% - 29%
30%
20%
10%

0%
2017/2018  2018/2019  2019/2020  2020/2021  2021/2022

m Real Results = Predicted Results

Fig. 13. Comparison between actual and predicted results for semester 4 by year

According to these results, the prediction model predicts a validation rate of 44% of the 4th-semester for the
2017/2018 training year, which was effectively 41%. This result is typically attributable to the 90% prediction accuracy
of the random forest algorithm. But during the Covid-19 year, which corresponds to the 2019/2020 year, this semester's
behavior changed. In fact, all years other than the Covid-19 year have a predicted validation rate that is greater than the
actual rate; contrary to the predicted rate for the Covid-19 year which is lower than the actual rate. This suggests that
the abrupt switch to fully online teaching during the Covid-19 year had an impact on the gap between the predicted and
the real results of the students. We also note that there is a significant gap for the academic year 2021/2022 when
teaching has regained its regular course, i.e., complete face—to—face instruction.

This comparison shows that online teaching during covid-19 did induce a change in the behavior of the training
system and this change has an impact on the reliability of predictions made by machine learning algorithms. Indeed,
during the covid-19 year, the teachings were shifted from usual presential learning to fully online learning. Several
works have focused on the impact of online teaching during the Covid-19 pandemic on the students’ outcomes.

These studies show that this change has had a mixed effect on student results, with some showing a beneficial
effect and others a negative one. The results of the study [45], for example, which analyzed the changes implemented in
the bachelor’s degree in telecommunication Engineering at the Universidad Politécnica de Madrid, showed an increase
in students’ academic performance in emergency remote teaching. Additionally, in [44], which compared the effects of
online learning versus face-to-face learning on students' academic achievement in a few mechanical engineering courses
at a university in the South Pacific Islands before and during the Covid-19 era, it was demonstrated that using a
descriptive statistical method, the online mode of instruction may have better academic performance than face-to-face
learning, while the results of non-parametric statistical tests implied insignificant difference. In other cases, in June
2020, a nationwide survey study in the US among STEM students and teachers concluded that the pandemic would
cause 35.5% of Ph.D. students, 18.0% of master's students, and 7.6% of undergraduate students to delay graduation [46].
The findings of the study [47], which examined the learning outcomes of six courses in civil engineering degrees
indicate that students who did well in face-to-face teaching also fared well in distance learning, but that low-performing
students were more negatively impacted. Additionally, the dropout rate for the technology modules was less than 10%
while the dropout rate for the core subjects was substantially higher at 22%.

Thus, the findings of our study indicate that the performance for the Covid-19 year is superior to what was
expected. However, when learning returns again normal in the 20212022 year, the results are less than they ought to be.
The explanation for these results may be due to several factors, especially the evaluation method that was adopted
during the Covid-19 pandemic year.
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In fact, the evaluation of the Covid-19 year teaching in Moroccan universities has mostly focused on the content
delivered entirely face-to-face until March 16, 2020, the date of the shutdown of Moroccan universities and the shift to
full online teaching. This decision affected student learning in two ways. The first is that students only focused on face-
to-face reduced content for exam preparation, which partly explains the higher validation rate during the Covid-19 year,
and the second is the loss in learning and knowledge volume, which could be considered partially responsible for a low
validation rate in 2021/2022 year when the teaching returned to full presential, as shown by the study's findings.

Furthermore, concerning the gaps between predicted results and actual results, we note that the average gap is
around +4% for the years 2017/2018 and 2018/2019, pre-Covid-19 years, while during the Covid-19 year (2019/2020),
this gap is -9% and it is +19% for the post-Covid-19 year (2021/2022). This difference in gaps during and after Covid-
19 reveals that the model’s outcomes prediction is no longer accurate for these years, which may limit the usage of
prediction models based on machine learning prediction algorithms in case of changes in the behavior of a system.

Indeed, the results of this study show that when the behavior of the studied system changes, the prediction
performance of machine learning algorithms becomes less reliable because the historical data used to train these
algorithms are no longer valid for the new system marked by the change in its behavior. In the case of this study, the
training data used for the algorithms are those of students' results during in-person teaching. These data indicate patterns
and relationships between different pieces of information that enable the algorithms to learn and predict the results of
new data in the same context. When teaching switches to online mode, the context is no longer the same, and the
training data do not correspond to this context. Consequently, the algorithms cannot effectively predict with accuracy
the results in the modified context. On the contrary side, they can be applied to identify a change in a system's behavior.

On the basis of these findings, recommendations can be proposed for educational policies, mainly concerning
student learning assessment methods and distance learning methods.

With regard to the first point, it is recommended that effective and diversified student assessment methods be
established, in line with learning objectives, to ensure proper evaluation of the skills and knowledge acquired by
students, in order to improve teaching and learning outcomes. Concerning distance learning methods, it is
recommended to improve distance learning platforms and online courses to offer an enriching, interactive learning
experience, adapted to students' needs, taking into account lessons learned from the COVID-19 pandemic.

4. Conclusion

In this study, a machine learning model for student results prediction in Moroccan universities is developed, this
model is based solely on the outcomes of courses taken in the previous semesters of university studies. Tests are carried
out with the most used algorithms that achieve high predictive performance namely the J48 decision tree, Random
Forest, Multilayer Perceptron, and Na'we Bayes. We experimented on the chosen models using a specific methodology
that can be simply adjusted to build more models that can be used to make predictions. The experimentations were
developed by using Weka and to evaluate the predictive performance of the models, this research was based on the
accuracy and ROC Area.

The outcomes demonstrated that the Random Forest-based model provides superior results, as evidenced by its
accuracy-ROC area, which accuracy reached 90% with a ROC Area of 95%. This prediction model can be used for any
form of educational institution as long as it is founded on the validation of previous teaching sessions and can serve as a
basis for several additional studies on various aspects of higher education. As a first application, the outcomes of the
distance learning experience that took place during the Covid-19 pandemic are examined by using the developed
prediction model.

The results show that the system's behavior did change during and after the Covid-19 period. In fact, when
teaching moved to a fully online version in the Covid-19 pandemic year 2019/2020, the student outcomes actually
attained are greater than what should have been predicted by the model. Whereas actual student outcomes in the
2021/2022 year, when instruction is fully face—to—face again, are lower than those predicted by the model. This change
is also estimated and measured by the variation in the difference between actual and predicted outcomes for different
years. Indeed, while this difference was on average 4% before covid, it is estimated to be -9% for the Covid-19 year and
+29% for the post Covid-19 year of return to normal teaching.

This variation in prediction shows a failure in the prediction performance of the model when the system undergoes
a change in its behavior which may be a limitation of using prediction models based on machine learning algorithms in
this context. On the other hand, these models can be used if they are properly designed to identify changes in the
behavior of a system as shown in this study.

Prediction models based on machine learning algorithms are strongly influenced by the quality of the data used.
Incomplete, inaccurate or biased data can lead to inaccurate predictions.

In this study, we used databases that were not extensive but sufficiently representative for the studied case,
enabling us to analyze the obtained results. The relatively small size of the database allowed fairly easy pre-processing,
note that this may no longer be the case for much larger database sizes, in which case the size may constitute a
limitation. Furthermore, let us note that the availability of reliable, up-to-date and evolving data over time is a
prerequisite to ensure accurate predictions.
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