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ABSTRACT All the educational organizations mainly aim at elevating the academic performance of students
for improving the overall quality of education. In this direction, Educational Data Mining (EDM) is a rapidly
trending research area that utilizes the essence of Data Mining (DM) concepts to help academic institutions
figure out useful information on the Student Satisfaction Level (SSL) with the Online Learning process (OL)
during COVID-19 lock-down. Different practices have been tried with EDM to predict students’ behaviors to
reach the best educational settings. Therefore, Feature Selection (FS) is typically employed to find the most
relevant subset of features with minimum cardinality. As the predictive accuracy of a satisfaction model
is significantly influenced by the FS process, the effectiveness of the SSL model is elaborately studied in
this paper in connection with FS techniques. In this connection, a dataset was first collected online via
a questionnaire of student reviews on OL courses. Using this datatset, the performance of wrapper FS
techniques in DM and classification algorithms was analyzed in terms of fitness values. Ultimately, the
goodness of subsets with different cardinalities is evaluated in terms of prediction accuracy and number of
selected features by measuring the quality of 11 wrapper-based FS algorithms and the k-Nearest Neighbor
(k-NN) and Support Vector Machine (SVM) as base-line classifiers. Based on the experiments, the optimal
dimensionality of the feature subset was revealed, as well as the best method. The findings of the present
study evidently support the well-known conjunction of the existence of minimum number of features and
an increase in predictive accuracy. It is remarkable the relevancy of FS for high-accuracy SSL prediction,
as the relevant set of features can effectively assist in deriving constructive educational strategies. Our study
contributes a feature size reduction of up to 80% along with up to 100% classification accuracy on the
adopted real-time dataset.

INDEX TERMS Classification, COVID-19, educational data mining (EDM), feature selection (FS), machine

learning (ML), online learning (OL), student satisfaction level (SSL).

I. INTRODUCTION

The COVID-19 epidemic emergence has sparked enormous
public-health worries. Many countries have therefore decided
lock-downs to decrease social contact and limit transmission
due to these emergency circumstances [1], [2]. Higher
Education Institutions (HEIs) have been highly affected by
the COVID-19. Based on the impacts of this epidemic
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and the need for alternative solutions, many unconventional
educational solutions have been proposed to preserve the
educational process continuity. One of the solutions was
Online Learning (OL), known as learning in a synchronous
or asynchronous situation by utilizing various equipment,
such as mobile devices, computers, etc. with an Internet
connection. Students can learn and communicate with
teachers and other peers from any place by applying these
platforms [3]. OL has increased in the recent decade as it
provides better flexibility in time and location, speed of study,
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more accessibility, more active access to a wide range and a
better quantity of knowledge, as well as the low monetary
costs [4].

OL platforms and courses were the most notable aspect
of the changeover. However, we continue to face various
barriers and hurdles. Although robust digital infrastructure
and platforms are required for online course delivery and
data gathering interactivity, low Internet connectivity disrupts
student learning worldwide. Both students and teachers
need new technology to seamlessly interact with active
and self-directed learning. Therefore, a reliable assessment
method was a must to ensure the overall quality of online
education in terms of learning outcomes. In the epidemic
age, quality is measured by the achievement of learning
objectives and the development of the emotional and social
aspects [5], [6]. This consequently requires a tool to
assess the learning process as a whole and the roles and
interactions of teachers, learners, and teaching resources in
post-digital learning environments specifically. The ability
of universities and colleges to meet learning objectives and
increase Student Satisfaction Level (SSL) is critical because
these factors indirectly demonstrate the efficiency of OL
systems at those institutions [7]. SSL can be described
as a component of the relative degree of experiences and
perceived performance related to educational services during
the study time. In a nutshell, SSL is determined by how
students rate their educational experiences, services, and
facilities [8]. According to [9], SSL can only be achieved
when there is no gap between what is expected and what is
introduced by the service provider.

In this regard, it is necessary to point out that Educational
Data Mining (EDM) could be very beneficial for the
educational research process [10], [11]. The collected data
should thus be structured and thoroughly evaluated to offer
interpretable results. Choosing the suitable approach for the
analysis is also critical to the success of EDM methods.
Feature Selection (FS) is counted one of the most efficient,
relevant data analytics tools. In applied models, high-
dimensional data might lead to some negative consequences.
These include increasing training time with advanced features
and model processing [12]. FS performs a vital role in
Machine Learning (ML) and Data Mining (DM), especially
with high-dimensional datasets that include noisy, redundant,
and irrelevant features. FS aims to select a subset of variables
from the inputs that can more accurately characterize the
data while minimizing the impact of noise and irrelevant
features while still providing high predictive results. The
feature subset selection is an essential issue in knowledge
discovery and acceleration of DM techniques and perfor-
mance improvement [13], [14]. FS has also been a successful
and efficient data preparation strategy for preprocessing
the high-dimensional data in many DM and ML problems.
FS goals may span creating more precise models, increasing
data-mining speed, and delivering comprehensible data [15]

It is worth noting that FS is utilized for many reasons: first,
to simplify data for straightforward interpretation; second,
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to take the shortest time to select the most significant
features; third, to overcome the curse of dimensionality;
and finally, to develop generalization via hyper-allocation
reduction. Once these four factors are met, the deceptive,
ineffective, and redundant features are significantly reduced,
resulting in a well-productive collection of features [16]. As a
crucial stage in DM, FS is one of the first steps in tackling
numerous challenges, like data classification [17], image-
processing [18], data clustering [19], [20], bioinformatics
data analysis [21], and fault diagnosis [22], [23].

The evaluation criteria and the search approach are the
two primary merits that characterize FS methods. In terms
of evaluation criteria, there are two kinds of FS methods:
filter techniques and wrapper techniques. When assessing
the constructed feature subsets, a learning algorithm (such as
classifiers) is used to distinguish these two methodologies.
Filter approaches concentrate on correlations between condi-
tional features and classes. Relief [24], and hybrid Relief [25]
are two popular FS filters. Wrapper approaches are evaluated
using a learning algorithms, such as k-Nearest Neighbors
(k-NN) [26] and Support Vector Machine (SVM) [27],
which produces more precise findings than filter methods.
In addition, the filter methods may need more computational
resources than the wrapper ones. Moreover, the performance
of wrapper method greatly depends on the learning algo-
rithm [28]. Because the FS is categorized as an NP-hard
checking issue, finding the ideal (minimum) feature subset
when working with high-dimensional data is not an easy
task [29]. As a result, due to their individualities (e.g.,
population-based search, solution diversity, exploration-
exploitation capabilities), meta-heuristic approaches have
been often more appropriate for handling this complex
problem than exact methods [30], [31], and they were
therefore opted to tackle the FS problem in this study. Various
global search strategies have been developed to address
the FS problem. Swarm Intelligence (SI) is a bit class of
meta-heuristics mimicked by natural occurrences. There are
numerous instances of SI algorithms used to solve FS prob-
lems, including Artificial Bees Colony (ABC) [6] Grey Wolf
Optimizer (GWO) [13], Harmony Search Algorithm [32] and
Salp Swarm Algorithm [33]. New SI algorithms recently
developed, the Antlion Optimizer (ALO) is used as a wrapper
method for the FS method [34]. In a word, meta-heuristic
optimization algorithms are continuously gaining popularity
in engineering applications due to their efficiency. They are
based on simple and easy to execute concepts; do not need
gradient information; avoid local optima; and apply to diverse
challenges from several areas [35].

Thus, we can conclude that current environment requires
extensive and innovative research and thinking about every
area of education during epidemics, as all HEIs mainly aim
to improve the education quality and enhance the overall
performance. EDM is a significant study subject that assists
HEIs in meeting their objectives. Therefore, this study aims
to measure SSL with OL services using FS techniques with
a real-time dataset collected from heterogeneous groups
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via an educational platform. The authors collected this
dataset through a questionnaire prepared solely to define how
students are affected by measuring their SSL with OL during
the COVID-19.

In this paper, an ML model was developed to get the
highest accuracy results throughout experimentation. Two
ML Classifiers were adopted, k-NN and SVM, to build
the proposed model. Historically, k.-NN and SVM are the
most widely employed classification systems [36]-[38].
In addition, this study used 11 meta-heuristic algorithms to
identify the critical features in the used dataset, enabling to
build a new model to predict SSL more correctly and reliably.
These include a group of classical, state-of-the-art, and recent
algorithms such as ABC [39], Particle Swarm Optimization
(PSO) [40], Bat Algorithm (BA) [41], GWO [13] Whale Opti-
mization Algorithm (WOA) [35] Grasshopper Optimization
Algorithm (GOA) [42] SailFish Optimizer (SFO) [43], Harris
Hawks Optimization (HHO) [44], Bird Swarm Algorithm
(BSA) [45], Atom Search Optimization [46], and Henry Gas
Solubility Optimization (HGSO) [47]

In empirical sense, the findings of this paper can be used
to improve OL services in the future so that universities can
build more inclusive, sustainable, and equitable education
once the epidemic has gone away. Thus, this paper contributes
to future development and increases universities and college’s
capability to achieve the goals of OL in terms of high SSL,
to enhance the effectiveness of the OL system. Following are
the key contributions of this work:

1. Proposed a new real-time dataset to determine and
extract relevant information regarding SSL with OL
to foresee whether the students are satisfactory or not
during the COVID-19 outbreak.

2. Experimenting 11 meta-heuristic algorithms for FS to
select the most critical features from the dataset at
hands.

3. Testing two comparable ML classification algorithms
(k-NN and SVM) through experimental evaluations in
terms of the number of selected features, accuracy,
fitness, and computational time, both for the whole
features and those elected by each of the 11 algorithms.

4. The best model with the highest accuracy was then
finally realized to estimate students’ satisfaction like-
lihood of OL.

The remainder of this paper is organized as follows.
Section II introduces the literature review. The proposed
techniques are presented in Section III. In Section IV,
findings and their analysis of experimental results are
addressed. Finally, Section VI concludes the paper with
implications stemmed from results.

Il. LITERATURE REVIEW

This section reviews the most recent literature based on
the effect of the COVID-19 in education community:
Section II-A gives an overview of the COVID-19 and OL
in HEIs, SSL with OL is introduced in Section II-B, and
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Section II-C discusses the FS process and EDM and its
application to SSL estimation.

A. ONLINE LEARNING IN HIGHER EDUCATION DURING
THE COVID-19

As a result of the COVID-19 epidemic, many countries
discontinued in-person classes and shifted to various OL
settings. Numerous studies have been conducted in the
education field to check the impact of the COVID-19 on
the educational process [48]-[52]. Underlined the necessity
for further investigation to report the epidemic’s impact
on the educational process. This emphasized the need for
HEIs to develop robust methods to meet students’ learning
requirements beyond the traditional classroom. In this
regard, Qazi et al. [53] investigated that remote learning
adoption comes from preparedness and situational perception
gained through trust in OL information sources, such as
media information and interpersonal OL communication
programs related to perception. Clark et al. [54] concluded
that children who received online education during the
COVID-19 academically performed better than those who
did not receive physical educational assistance from their
HEI. Maqableh and Alia [55] assessed the impact of OL
on undergraduate students during the COVID-19 epidemic
and examined the OL’s positive and negative points from
student perspectives compared to traditional learning. The
findings showed that students faced several challenges
when transitioning to OL during the COVID-19 epidemic:
technological, time management, and education. In addition,
they proposed recommendations to improve student OL
experiences. For example, for students and instructors to
benefit from OL, educational institutions must provide
global training. During the epidemic, university academic
decisions must also consider obstacles that may face students’
communication.

In the time of COVID-19 pandemic, each university must
provide campus health and safety measures for all staff
and students. Hussein et al. [56] conducted experiments
in the United Arab Emirates. The research was conducted
to investigate undergraduate student attitudes toward OL.
Participants were asked to fill in semi-guided essays. The
responses were analyzed, and according to the research
findings, OL has both positives and negatives. The ben-
efits include safety, appropriateness, time, and increased
participation. The negatives (issues) are Internet connectivity,
reduced focus, and technical aspects. Kapasia et al. [11]
conducted experiments from West Bengal colleges and Indian
universities. They gathered data from 232 undergraduate
and postgraduate students to examine the impact of the
COVID-19 crisis. They paid a special attention to the OL
status and problems. The results concluded that students
encountered some issues while participating in OL due to
the COVID-19 crisis. They suggested that colleges and
universities can adopt a strategy for education continuity so
as to deliver continuous high-quality OL, in order to alleviate
the overall education system quality.
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B. ASSESSMENT OF PIVOTAL ELEMENTS AFFECTING
STUDENT SATISFACTION WITH THE ONLINE LEARNING
(oL)

Student satisfaction is an essential factor to determine
whether online learners, courses, and programs work or
not [57]. However, it is a complex process to design and
execute an effective educational environment involving many
satisfaction factors, including instructor support, student
interaction and collaboration, and student autonomy [58].
Previous works demonstrated that there is a steady rela-
tionship between student participation and the satisfaction
with OL. Students’ most popular OL activities include online
tests and quizzes, searching, and online group discussions.
As a result, it is critical to improve student activities
with OL [59]. Giray [60] analyzed the contentment of
undergraduate students in Turkish universities during the
COVID-19 epidemic. The data was examined quantitatively
and qualitatively and the questionnaire garnered 290 usable
responses. The findings suggested that interactivity is an
essential component of satisfaction and persistence for online
learners.

One of the OL quality measures is to continue with the
improvement process [61]. Gopal et al. [62] investigated the
elements affecting SSL and OL performance in the COVID-
19 era. The data was collected from 544 respondents via an
online survey. The proposed hypotheses were analyzed using
structural equation modelling. According to the findings,
instructor quality, course design, and student expectations
positively improve SSL. Nevertheless, there is a lack of
research on the main factors influencing the SSL and
the online classroom performance, especially during the
COVID-19 epidemic [63].

The COVID-19 epidemic has forced instructors to incorpo-
rate new methods into their learning style to maintain a good
educational quality amid the epidemic’s limitations, giving a
special emphasis to SSL. From the literary treatment in this
section and the precedent one, it is apparent that researches
have duly highlighted the significance to investigate the
factors that may influence SSL in higher and undergraduate
institutions [64], [65]. However, none of the current research
studies has examined the impact of course content and design,
instructor quality, evaluation system, and E-Tests on the
overall SSL with OL during the COVID-19 epidemic. The
current study consequently strives to bridge this gap in an
intelligent way based on the EDM paradigm.

C. FEATURE SELECTION (FS) AND EDUCATIONAL DATA
MINING (EDM)

Academic performance assessment is a crucial procedure
to ensure that students completely achieved their studies
on time, perfectly as well. Many applications of ML
algorithms have been proposed to predict student academic
performance and satisfaction. The prediction is made by
analyzing historical, educational datasets of student opinions
via questionnaires. The resulting dataset comprises many
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attributes, which in turn increases the model’s complexity and
may reduce its performance because not all attributes may be
relevant [66]. FS is one of the prerequisites adopted on mining
student’s questionnaire to assess the SSL. It mainly aims
to reduce the high computational costs required by heavy
mining tasks by discarding any noisy, redundant, or irrelevant
features that may degrade classification accuracy [67].

Farissi and Dahlan [68] proposed a classification method
based on the Genetic Algorithm (GA) to predict student
academic performance. The data used in the experiment is
from Kaggle.! The proposed method achieved impressive
prediction results. Punlumjeak and Rachburee [69] compared
four algorithms for selecting the best feature subsets.
These algorithms include SVM, information gain, GAs, and
minimum redundancy and maximum correlation. They used
four supervised classifiers such as Decision Trees (DT),
Naive Bayes (NB), favorite neighbors, and Artificial Neural
Networks (ANN). Ajibade et al. [70] provided a compar-
ative analysis of various FS algorithms (e.g.,Discriminant
Analysis (DISC) Discriminant Analysis (DISC), Sequential
Forward Selection (SFS), Sequential Backward Selection
(SBS), and Discriminant Analysis (DISC). NB, DT and k-NN
were used to further improve the prediction accuracy of the
classifier. These algorithms include related FS, relay method,
Kullback-Leibler divergence, backward sequence selection,
forward sequence selection, and the Differential Evolution
algorithm (DE).

The studies [71]-[73] focused on FS as a method to
increase the prediction model performance. They compared
and analyzed the outcomes of a set of feature selectors
combined with numerous classifiers. The experimental
results suggested that algorithms executed better on lower
dimensionality datasets. Zaffar et al. [74] examined the filter
FS performance and classification algorithms on two inde-
pendent student datasets. They applied Bayesian Network
(BN), NB, NB Updateable (NBU), MLP, Simple Logistic
(SL), SMO, DT, OneR J rip, Decsion Stump (DS), J48, Ran-
dom Forest (RF), RandomTree (RT), and REPtree (RepT).
They proposed 6 FS algorithm: CfsSubsetEval, ChiSquared-
AttributeEval, FilteredAttributeEval, GainRatioAttribute-
Eval, Principal Components, and ReliefAttributeEval. The
findings indicated there was a 10% difference in prediction
accuracies for datasets with various quantitative character-
istics. Nguyen et al. [75] presented a detailed assessment
of current studies using SI to acquire FS in classification,
emphasizing representation and search procedures. They
also recommend that researchers could explore different
approaches, offer practitioners suggestions on selecting
appropriate methods for usage in actual situations, and
outline probable restrictions and concerns for future work.
Nalic et al. [76] suggested a hybrid EDM model (Generalized
Linear Model (GLM) + DT that integrates several FS
(e.g., Classifier Feature Evaluation (ClassFE), Correlation
Feature Evaluator (CorrelationFE), Gain Ratio Feature

1 https://www.kaggle.com
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Evaluator (GainRFE), Information Gain Feature Evaluator
(InfoGainFE), Relief Feature Evaluator (RefilefFE)), and
learning classification methods to help in decision making
in the context of dimensionality reduction.

Chitra and Rashmi [77] aimed to predict academic student
performance using two filter selection approaches, correla-
tion FS (CFS) and wrapper-based FS (WFS), to demonstrate
the significance of feature subset selection. For the underlined
classification problem, SMO and J48 had the highest
accuracy measures with the correlation FS algorithms, while
naive Bayes had the highest accuracy measures with the
wrapper subset FS algorithms for predicting high, medium,
and low grades for the students. The results will assist
the researcher in determining the best combination of filter
FS algorithms and associated classifiers. According to the
above-discussed literature review, a comparison of the related
work is shown in Table 1, highlighting the merits of present
study compared to those ones.

Because SSL depends on the discernment and experience
of students, SSL is challenging in HEIs. Therefore, SSL with
OL should be adequately measured to guide the continuous
improvement in quality. As a result, the HEIs must figure out
aspects that may lead to beyond SSL during the COVID-19.
Furthermore, FS has been demonstrated to be an excellent
and efficient DM method for various ML problems. Some
of the previous studies indicated that there are many studies
to measure SSL. However, studies on SSL with OL during
the COVID-19 period are still scarce, especially using FS
techniques to analyze the SSL. This paper aims to build
a more straightforward and precise model, enhance EDM
performance, as well as, provide clean, interpretable results
obtained from FS by assessing SSL with OL during the
COVID-19.

Ill. PROPOSED MODEL

In this section, the proposed framework is presented in detail.
The main objective is to build a prediction model that exploits
ML techniques to achieve the highest accuracy results on
SSL. Hence, a set of efficient meta-heuristic algorithms are
applied to select the most relevant features from a given
dataset. In addition, two classification techniques, k-NN
and SVM, are employed to allow the system to recursively
evaluate the relevance of the selected featured in terms of
prediction accuracy and number of selected features. The
framework of the SSL prediction system is depicted in Fig. 1.
It is divided into four main stages: i) data preprocessing, ii)
the FS process, iii) ML classification, and iv) evaluating the
produced ML models.

A. DATA PREPROCESSING

Data preprocessing is one of the most critical processes that
efficiently encode data for the ML algorithm, which must be
trained and evaluated effectively. Preprocessing techniques
like missing value elimination and Min-Max scalar are useful
in the classification task. The Min-Max scalar algorithm
shifts the data so that all feature values fall between 1 and 5.
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In very early stage, these preprocessing techniques are
applied.

B. META-HEURISTIC ALGORITHMS FOR FS

The merit of applying wrapper-based meta-heuristic FS
algorithms is that they can identify the critical features in
corpus data. In the current study, we have used 11 different
meta-heuristic optimization algorithms to indicate which
essential features must be in to anticipate SSL successfully
and which features, if removed, will enhance, or even
preserve the system’s prediction capabilities the highest. Each
of those algorithms is briefly described in the following.

1) ARTIFICIAL BEE COLONY (ABC)

ABC algorithm is one of the most promising optimization
algorithms under SI based optimization algorithms. It was
presented by Karaboga [39], inspired by honey bees’
intelligent behavior. Each cycle of the search in the ABC
algorithm consists of three main steps: i) sending the hired
bees to the food source and measuring their amount of
nectar after sharing the information of the employed bees by
the spectators, and ii) determining the amount of nectar in
the food, based on which the final food source is selected,
and iii) and then sending the scout bee to potential food
sources.

2) PARTICLE SWARM OPTIMIZATION (PSO)

PSO is a simple, robust optimization algorithm modelled
after animal social behavior such as fish and birds. It has
been successfully used in vast domains of scientific and
engineering applications, including ML, image processing,
DM, robotics, and many others. For instance, Eberhart and
Kennedy first introduced PSO in 1995 [40]. They proposed a
model that describes the social behavior of animals, such as
flocks of birds and fish. Therefore, PSO has been utilized in
a variety of industries to solve optimization problems.

3) BAT ALGORITHM (BA)

BA is a relatively recent meta-heuristic optimization tech-
nique based on bat echolocation, developed by Yang in
2010 [41]. It was inspired by microbat echolocation, which
has varied pulse rates of emission and loudness [78].
In addition, it is based on SI and inspired by bat observations.
For example, bats often hunt at night by emitting short,
loud sound impulses and listening for the echo reflecting
an obstacle or prey. In addition, a bat’s particular hearing
apparatus can detect the size and location of an object.

4) GREY WOLF OPTIMIZATION (GWO)

In 2014, Zorarpact and Ozel [79] designed the GWO
algorithm, one of the currently most popular SI-based
algorithms. Grey wolves inspired the GWO algorithm in
nature, which seek the most efficient way to pounce a prey.
GWO algorithm follows the pack hierarchy to organize many
roles in the wolf pack. Based on the wolf role that aids
in the hunting process, GWO separates pack members into
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TABLE 1. Comparison of the related works against present study.

Author Classifier(s) employeed FS algorithm(s) applied Best accuracy Selected features
(% ratio)
Farissi et al. [68] DT, ANN, RF, Voting, Bagging, and 81.18% for RF 6 (38%)
Boosting
Punlumjeak and Rachburee NB, DT, k-NN, SVM, and ANN 91.12% for k-NN 10 (-)
[69]
Ajibade et al. [70] NB, DT, KNN, and DISC SFS, SBS, and DE 83.09% for DISC 6 (38%)
Zaffar et al. [74] BN, NB, NBU, MLP, SL, SMO, DT, CfsSubsetEval, ChiSquared, 76.39% for Chi-MLP 24 (67%)
OneR J rip, DS, J48, RF, RT, and GainRatio, and Relief
RepT.
Jalota and Agrawal [77] SVM and ANN-AdaBoost WES and CFS 91% for NB + WFS 9 (56%)
Nalic et al. [76] GLM, DT, SVM, and NB ClassFE, CorrelationFE, 87.69% for PCA + GLM 26 (81%)
GainRFE, InfoGainFE, and +DT
RefilefFE
Present study k-NN and SVM 11 wrapper-based FS 100% for k-NN and 4 (18.8%)
algorithms SVM
> Full Features
|—|
Feature Selection
Questionnaire ABC, PSO, BA, o i di Selected
CEEER GWO, WOA, *| ®inary encocing features
GOA, SFO, HHO,
BSA, ASO, HGSO

Termination
condition
met?

Report final
accuracy and build
a prediction model

Yes

Training

Testing

dataset dataset

Prediction test
Highly unsatisfied
Unsatisfied
Normal
Satisfied

Highly satisfied

Machine learning classifiers

k-NN

SVM

FIGURE 1. The framework of SSL assessment model.

four divisions. These four groups are alpha, beta, delta, and
omega, each represents a potential optimal hunting solution
yet identified.

5) WHALE OPTIMIZATION ALGORITHM (WOA)

WOA was proposed by Mirjalili and Lewis [35] for solving
numerical optimization problems. It has three operators that
simulate humpback whale foraging behavior: searching for
prey, circling prey, and using bubble nets. WOA employs a
population of search agents to find the global best solution
to a given optimization problem. The rules that improve
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the candidate solutions in each optimization step distinguish
WOA from other algorithms. WOA replicates the hunting
behavior of humpback whales by identifying and attacking
prey via a technique known as bubble-net feeding.

6) GRASSHOPPER OPTIMIZATION ALGORITHM (GOA)

GOA was proposed by Saremi er al. [42]. It is an SI
system inspired by grasshoppers’ natural foraging and
swarming activity. Furthermore, this algorithm’s unique
adaptive mechanism smoothly balances exploration and
exploitation. Because of these qualities, the GOA algorithm
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may overcome the challenges of a multi-objective search
space and outperform other methods. Furthermore, the
computational complexity is lower than that of several
existing optimization approaches.

7) SAILFISH OPTIMIZER (SFO)

SFO is a population-based meta-heuristic algorithm inspired
by the alternative attack strategy of sailfish hunting sar-
dines [43]. This hunting approach provides hunters with an
advantage by allowing them to save energy. It considers
two populations: sailfish and sardines. Candidate solutions
are sailfishes. The algorithm makes every possible effort
to ensure that the movement of search agents (sailfish and
sardine) is stochastic. Thus, sailfish are assumed to be
dispersed in the search space, whereas sardine placements aid
in identifying the best solution.

8) HARRIS HAWKS OPTIMIZATION (HHO)

Heidari et al. [44] developed the HHO. HHO is an SI-based
optimization approach. Its basic concept is to simulate
the activity and reaction of Hawk’s team collaboration for
hunting and coping with prey escaping. Hawks pursuing
actions represent agents in the search space, while a prey
represents the best position. Thus, HHO helps to resolve a
variety of real-world optimization problems. Furthermore,
the HHO may be utilized to tackle unknown forms of search
space and solve issues involving discrete and continuous
areas, give higher solution quality, and extract optimal
parameters with high accuracy [80].

9) BIRD SWARM ALGORITHM (BSA)

Meng et al. [45] introduced BSA, a new meta-heuristic
approach for continuous optimization problems. BSA is
based on SI, which is derived from the social behaviors
and interactions of bird swarms. It imitates the foraging,
attentiveness, and flying behaviors of birds. As a result, SI can
be effectively retrieved from bird swarms to solve different
optimization problems.

10) ATOM SEARCH OPTIMIZATION (ASO)

ASO is introduced as a molecular dynamics-inspired opti-
mization approach. In ASO, the position of each atom
within the search space represents a solution whose fitness
is measured by its mass heaviness [46]. Based on their
distance, all atoms in the population will attract or repel to
each other, causing the lighter atoms to gravitate toward the
heavier ones. Furthermore, as heavier atoms move slower,
they seek better solutions in local spaces more aggressively.
Conversely, lighter atoms move faster, boosting them to
search more widely for new locations across the search space.

11) HENRY GAS SOLUBILITY OPTIMIZATION (HGSO)

Hashim et al. [47] proposed the HGSO algorithm in 2019.
HGSO is a meta-heuristic algorithm inspired by Henry’s law
to imitate gas particles’ behavior [81]. The HGSO simulates
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gas huddling behavior to balance exploitation and exploration
in the search space and avoid local optima.

C. MACHINE LEARNING TECHNIQUES

The ML classifiers utilized in this study are described in this
section.

1) k-NEAREST NEIGHBORS (k-NN)

The k-NN algorithm [26] is a simple, supervised ML
algorithm to solve classification and regression problems.
Compared to other complex supervised ML algorithms, it has
the advantage of simple implementation, so it is widely
used [82], [83]. In pattern recognition paradigm, k-NN is
applied in many fields, including image recognition [84],
finance [85], healthcare [86], forestry [87], etc. The k-NN
operates by assigning unlabeled observations to the class of
the most near labelled examples. In addition, characteristics
of observations are collected for both training and test
datasets [88].

The k-NN algorithm can be thought of as a packaging
method in which training examples generate classification
rules. Once k-NN learns from the training process, the
unknown patterns in the test set are approximated according
to their proximity degree to the patterns in the training set.
The unlabeled samples can be further classified according
to the maximum probability of the category. As the choice
of k in k-NN is critical, in the empirical experiment of this
study, the selected feature subset is verified using the k-NN
classifier (k = 5) [30], [89], [90] with the Euclidean distance
metric.

2) SUPPORT VECTOR MACHINE (SVM)

SVM [91] is a supervised ML algorithm capable of
solving classification and regression problems. Its primary
application has been to solve classification problems. It is
highly preferred by the data mining community as it,
with less computational resources, can produce significant
classification accuracy. The goal of linear SVM is to find the
best hyperplane capable of categorizing the dataset into two
categories. It divides the dataset into two classes, 0 and 1,
located on opposing sides of the hyperplane. SVM is popular
in the data science community because it can classify with
high accuracy while using fewer computing resources. This
process is accomplished by mapping the primary data from
the original input space using the non-linear function into a
higher dimensional space. Linear separation of the data can
occur by finding a hyperplane with the maximal margin in this
higher dimensional space > 0 for discovering the boundaries
between the input classes. However, this technique opposes
two significant key challenges, appropriate primary function
selection and parameter adjustment [92]. Choosing the opti-
mum decision plane is primarily regarded as an optimization
process that aids a kernel function in determining the ideal
space, wherein categories are frequently separated linearly
through one non-linear transformation. Therefore, the current
study set the polynomial kernel at an adequate value, 2.
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D. TRANSFER FUNCTIONS (TFs)

A Transfer Function (TF) [93] determines the probability
of changing the continuous values at elements of a position
vector x to Os or 1s. Thus, particles are forced to move
in a binary space via TFs. In the current research, the
proposed model adopted the sigmoid function as a TF whose
a mathematical expression is shown in (1).

1

TF(x) = 5o ey
IV. EXPERIMENTAL METHODOLOGY
This section presents the experimental results. Specifically,
Section IV-A describes the collected dataset that is used to
validate the efficacy of the proposed model. Determination of
a consensus decision is presented in Section I'V-B. Parameter
settings are prescribed in Section I'V-C. Section IV-D presents
performance measures adopted to evaluate the final results.
Sections I'V-E and IV-F discusses comparisons based on the
k-NN and SVM classifier, respectively. Finally, Section IV-H
is dedicated to further verify the robustness of the proposed
11 techniques based on a set of benchmark datasets from the
UCT repository. So overall, several tests and experiments have
been carried out determining the efficiency, advantage, and
limitations of the proposed methods.

A. DATASET DESCRIPTION

This section describes the real-time dataset mainly used
in this study for building a student satisfaction prediction
model for the OL services during the COVID-19 epidemic.
The dataset builds on an online questionnaire to collect
students’ reviews on OL courses from multiple academic
institutions for the academic year 2020-2021. Fig. 2 is a
screenshot of the online questionnaire form. The data was
collected from 7 educational programs: Art Education, Home
Economics, Educational Technology (General Division),
Educational Technology (Computer Teacher), Educational
Media, Educational Media (Theater), and Music Education
at two different faculties from Kafrelsheikh University” and
Mansoura University® in Egypt.

The dataset is described in details in Table 2 in terms
of the per-feature frequency of the five satisfaction levels
(5 as highly satisfied to 1 as highly unsatisfied). It contains
20 features and 18691 records. The dataset builds on
heterogeneous data sources gathered from the OL services
using educational platforms. The purpose of those specific
features in the proposed dataset is to identify whether a
student is satisfied or not with the OL in terms of several
educational quality metrics/features (questions with ordinal
responses). Moreover, each record in the proposed dataset
is labelled with a flag class indicating a final satisfaction
observation from high ‘5’ to low ‘1°.

This dataset is mainly used to practice the ML techniques
adopted herein for predicting SSL. This dataset contains

2https://www.kfs.edu.eg
3https://Www.mans.edu.eg
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tc?c T‘nologyu f Tg.
edtech: . q
. online

Questionnaire to assess students’
satisfaction with a course (Learning
Resource Centers Course - First Division)
for on line learning for the academic year
2020/2021

Please follow the following instructions

1- Read the questionnaire items wel.

2- Choose the box that expresses your point of view,

4- We ask for accuracy in completing the data and not leaving unanswered questions.
Thank you for your caoperation

Departrent

Education Technology ()

Educational Media ()

FIGURE 2. The online form to quest students’ reviews on OL courses.

20 variables as features and one dependent variable as the
SSL’s class label. As shown in Table 3, the class label
has five potential values, 5 representing highly satisfied,
and 1 representing highly unsatisfied. Fig. 3 visualizes the
balanced representation of different SSLs based on the dataset
features.

B. DETERMINATION OF CONSENSUS DECISION

We adopt a methodology to compute a decision of consensus
(final satisfaction level for each instance/student) in our
dataset that is based on survey responses of Likert-type
questionnaires. The approach is based on a geometric
framework applied to proxy economic uncertainty [94] to
determine the likelihood of disagreement among election
outcomes [95].

Let us assume a Likert-type questionnaire with N reply
options, where S; denotes the responses count of i in each
Xi, i =1,2,3,4,5, a natural representation of the vector X;
containing all the information from the surveyed units as a
point on a simplex [96]. R; denotes the aggregate responses
in each category S;, T; is the sum of s;, a natural representation
of the vector X; containing all the information from the
surveyed units as a point on a simplex [96]. The interior of
this simplex encompasses all possible combinations of reply
options, which correspond to the barycentric coordinates of
each point in time. Each of the N vertexes correspond to a
point of maximum consensus.

We propose measuring the level of agreement as the ratio
between the distance of the point to the barycentre and that
from the barycentre to the nearest vertex. Hence, the measure
of consensus can be estimated as:

M=Zﬁ )
i=1

where W; is the overall weight of the selected record response
categories. This measure incorporates the share of neutral
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TABLE 2. Dataset features and their description.

Feature

Frequency of SSLs

5

4

3

2

1

University, College, Scientific Department, and Course Name

Categorical/nominal features

The faculty member is always committed to the contents of the course. 10641 6299 1155 245 350
The faculty member is always obligated to upload the lecture weekly on the educational 10676 3780 2415 910 909
platform according to the announced academic schedule dates.
The faculty member encourages students to ask questions and express their points of view. 8261 4935 3430 1085 979
The faculty member deals with the topics of the course in-depth. 9556 5390 3359 140 245
I feel that the faculty member is always well prepared for the lecture. 5740 7840 1995 1365 1750
The lectures are presented in an attractive style. 7000 4970 4620 1225 875
The amount of information provided in the lectures is sufficient. 4660 7105 3570 1260 420
The lectures included practical cases. 6230 8575 2205 630 1050
The teaching method in this course encourages to participate actively during the lectures. 9030 7560 945 1085 70
Students are assigned to prepare assignments. 8505 7350 2205 350 280
The scientific material is uploaded with a clear explanation presentation. 7070 7840 1890 1365 525
The lecturer presents practical videos that are useful in the educational process. 9310 5145 2660 560 1015
The lecturer holds meetings with the students through zoom/google meeting/classroom/MS 6825 6020 2555 1505 1785
team.
I really enjoy the distance learning experience. 9608 3990 1540 1750 665
Students were trained on how to solve exams online by preparing an experimental quiz. 8108 4410 2380 770 1190
An experimental quiz has been prepared. 8140 3710 2345 1400 1365
The quiz has been prepared in degrees. 6335 5670 4620 455 1610
The lecturer helped the students to solve their problems during exams. 4620 6895 5635 1225 315
Exams are subjective. 5950 4550 5320 1995 875
Exam time is appropriate. 7035 7700 3115 280 560
Exams cover the contents of the course. 9608 3990 1540 1750 665
Decision label HS S N U HU
Exam time is appropriate. I | ||
Exams are subjective. L |
The lecturer helped the students to solve their problems during exams. N E—— |
The quiz has been prepared in degrees. I I
An experimental quiz has been prepare . ]
Students were trained on how to solve exams online by preparing an expe rimenta| . . 5 ]
| really enjoy the distance learning experience . |
The lecturer holds meetings with the students through zoom/goog e . . . |
The lecturer presents practical videos that are useful in the educational proces:s. /1 |||
§ The scientific material is uploaded with a clear explanation presentatio . | ]
§ Students are assigned to prepare assignments. | | ]
The teaching method in this course encourages to participate actively during the. . I -
The lectures included practical case:s. | ||
The amount of information provided in the lectures is sufficient. /N I
The lectures are presented in an attractive style. | | ]
| feel that the faculty member is always well prepared for the lecture. 1 I
The faculty member deals with the topics of the course in-depth. m
The faculty member encourages students to ask questions and express their. . 15— I
The faculty member is always obligated to upload the lecture weekly on thie. . . |
The faculty member is always committed to the contents of the cours . | ]
0 5000 10000 15000 20000
®Highly satisfied = Satisfied = Normal ®Unsatisfied = Highly unsatisfied Frequency of SSLs

FIGURE 3. The frequency of every SSL per each feature.
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TABLE 3. Dataset output label key.

TABLE 4. Parameter setup for all algorithms.

Value Label

Algorithm Parameter

1 Highly Unsatisfied (HU)
2 Unsatisfied (U)

3 Normal (N)

4 Satisfied (S)

5 Highly Satisfied (HS)

responses and allows to capture the trajectories of the
different state. D; is the overall decision of the selected record
response categories, given that:

If 5> W; > 4 then D; = HS,
If4 > W; >3thenD; =S,
If3>W;>2thenD; =N,
If2 > W;> 1thenD; = U,

If1 > W; > 0then D; = HU.

C. PARAMETER SETTINGS

This paper suggests 11 meta-heuristic algorithms, including
ABC, PSO, BA, GWO, WOA, GOA, SFO, HHO, BSA,
ASO, and HGSO, along with two ML classifiers k-NN
and SVM. Regarding the ML classifiers, k<-NN employs the
Euclidean distance metric k = 5, whereas SVM uses a
polynomial kernel with degree d = 2. Furthermore, because
meta-heuristics have a stochastic nature, 30 independent runs
were conducted for each algorithm. Table 4 lists the general
settings for all algorithms and the parameter values of each
algorithm. Python was used to execute all experiments in this

paper.

D. PERFORMANCE MEASURES

To validate the performance of the proposed models, they
must be judged by standard measures to ensure that
the experimental outcomes are statistically significant and
meaningful. So, some essential performance measures were
used as follows:

o« Mean accuracy (Meana..): It measures the rate at
which data is classified correctly. The average classifi-
cation accuracy is estimated by running each algorithm
30 times (N = 30) as expressed in (3).

M N
Meangc. = ILVAL/I Z Z match (PL,,AL,), (3)
k=1 r=1
where M is the sample size in the dataset, PL, and AL,
respectively represent the output label of the predicted
class and the reference class label for sample r, while
match (PL,,AL,) denotes a discriminant comparison
function. If PL, = AL,, then the function value is 1,
otherwise 0.

o Mean fitness (Meang;): It measures the mean fitness
gained by running the algorithm 30 times, highlighting
the strong link between minimizing the number of
selected features by excluding irrelevant ones and
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Common settings  Dimensionality D = number of features in the
original datasets

Runs’ number = 30

Maximum iterations’ number 7" = 100

Population size N = 10

PSO Inertia weight (wmin = 0.4, wmax = 0.9)
Acceleration coefficients (¢ = c2 = 1.2)
ABC Number of employed bees = 16

Number of scout bees = 3
Number of onlooker bees = 4
GWO a is linearly decreased from 2 to 0
BA Loudness A = 0.8
Lower and upper pulse frequencies = {0, 10}
Pulse emission rate r = 0.95

GOA Crin = 0.00004 and Crpnax =1
WOA a is linearly decreased from 2 to 0
b=1.0
p=0.5
HHO Energy of rabbit E € [—1, 1]
SFO Ratio between sailfish and sardines pp = 0.1
e = 0.0001
A=1
ASO Multiplier weight 5 = 0.2
Depth weight o = 50
BSA Flight frequency ff = 10

Acceleration coefficients (¢c1 = c2 = 1.5)
Probability of foraging for food p = 0.8
Followed coefficient fI = 0.5

Effect on birds’ vigilance behaviors

(a1 = a2 = 1.0)

Number of clusters = 2

li =5E —03,l2 =1FE + 02, and

I3 =1FE —02
a=0F=0.1land K =1.0

HGSO

reducing the classification error rate. The less the value,
the more reliable the obtained solution, which is shown
in (4).

N
1 .
Meang;; = N l_zlfj @

where f! denotes the optimum fitness value obtained so
far in the i-th run.

o Mean number of selected features
(Meangeq:): It shows the ratio of the number of the
selected features to the total number of features, which
is calculated by (5).

1 J size(gh)
—— _T o
Meangea = +; 21: D &)
=
where size(gl) is the number of selected features in the
i-th run, and D is the total features’ number in the
original dataset.
« Mean computational time (77): It shows the execution
time in seconds for each algorithm validated over
30 different runs, which can be computed by (6).

N
1 ,
T = I E RunTime;, (6)

i=1
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TABLE 5. Comparisons of different algorithms based on k-NN in terms of
average accuracy.

TABLE 6. Comparisons of different algorithms based on k-NN in terms of
the average number of selected features.

Algorithm  Best Mean Worst Std Algorithm Best Mean Worst Std Selection rate
ABC 1 1 1 0 ABC 5 6.0 7 0.7746  0.240
PSO 1 1 1 0 PSO 5 5.1 6 0.3000  0.204
BA 1 1 1 0 BA 5 6.4 9 1.3565  0.256
GWO 1 1 1 0 GWO 5 5.3 6 0.4583  0.212
WOA 1 1 1 0 WOA 5 5.6 6 04899  0.224
GOA 1 1 1 0 GOA 6 6.7 7 0.6403  0.268
SFO 1 1 1 0 SFO 4 4.7 5 0.4583  0.188
HHO 1 1 1 0 HHO 6 6.8 8 0.6000  0.272
BSA 1 1 1 0 BSA 6 6.6 8 0.6633  0.264
ASO 1 1 1 0 ASO 6 6.3 7 0.4583  0.252
HGSO 1 1 1 0 HGSO 7 7.8 9 0.7483  0.312

where N is the runs’ number, and RunTime; is the
computational time in seconds at run i.

E. COMPARISONS BASED ON THE k-NN CLASSIFIER
USING THE PROPOSED REAL-TIME DATASET
This section discusses the performance analysis based on
the k-NN classifier according to the average fitness value,
the average classification accuracy, the average number
of selected features, and the average computational time.
Table 5 presents the average classification accuracy results
for k-NN with the different comparison algorithms. From this
table, it is clear that all involved algorithms achieved 100%
classification accuracy on the proposed real-time dataset.
This undoubtedly implies the robustness of meta-heuristic
algorithms compared to other exact or deterministic peers
by achieving the highest possible classification accuracy
rate.
As presented in Table 6, the SFO algorithm has the
best ability of exploration and exploitation, given the
minimal features’ number selected by the wrapper-based
SFO algorithm. In the best conditions, the SFO algorithm
determined only four features (the most critical):
o “The lectures are presented in an attractive style’.
o “The teaching method in this course encourages me to
participate actively during the classes” .

o “The quiz has been prepared in degrees” .

o “Students trained on how to solve exams online by
designing an experimental quiz” .

It should be also pointed out the following. The feature
“Students trained on how to solve exams online by designing
an experimental quiz” was selected by 6 algorithms, “The
lectures are presented in an attractive style” was opted in by
four algorithms, and ““The quiz has been prepared in degrees”
and “The teaching method in this course encourages me
to participate actively during the classes” was selected
by two algorithms. Thus, as those features give the best
results over most of the involved algorithms, they can be
considered the most informative features and should be
paid a special attention by decision makers in educational
institutions during the COVID-19.

Table 7 presents the average values of fitness for all
algorithms based on the k-NN classifier. As shown in
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TABLE 7. Comparisons of different algorithms based on k-NN in terms of
average fitness.

Algorithm Best Mean Worst Std

ABC 0.0020 0.0024 0.0028 0.0003
PSO 0.0020 0.0020 0.0024 0.0001
BA 0.0020 0.0026 0.0039 0.0006
GWO 0.0020 0.0021 0.0024 0.0002
WOA 0.0020 0.0022 0.0024 0.0002
GOA 0.0024 0.0028 0.0028 0.0001
SFO 0.0016 0.0019 0.0020 0.0002
HHO 0.0024 0.0027 0.0032 0.0002
BSA 0.0024 0.0026 0.0032 0.0003
ASO 0.0024 0.0025 0.0028 0.0002
HGSO 0.0028 0.0031 0.0036 0.0003

the table, the SFO algorithm achieved the minimum mean
classification error compared to other algorithms.

Table 8 presents the average values of computational time
for different algorithms with the k-NN classifier. The HHO
algorithm achieved the minimum mean computational time
compared with other methods. In this study, although SFO
did not work the best in terms of computational time, a higher
priority is given to the classification accuracy and the number
of selected features over computational time and this can be
considered rational.

F. COMPARISONS BASED ON THE SVM CLASSIFIER

This section is to analyze the performance of the SVM clas-
sifier according to the averages fitness value, classification
accuracy, number of selected features, and computational
time. Table 9 shows the average accuracy outcomes for SVM
with 11 FS methods. From Table 9, it is demonstrated that
all methods obtained 100% classification accuracy on the
adopted dataset.

As shown in Table 10, the SFO method has the best
exploration ability than others based on the average number
of features selected, which was supported by selected
minimum features numbers. According to best conditions, the
SFO method selected only five features:

o “Exam time is appropriate” .

o “The lectures are presented in an attractive style”.
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TABLE 8. Comparisons of different algorithms based on k-NN in terms of
computational time (in seconds).

TABLE 11. Comparisons of different algorithms based on SVM in terms of
average fitness.

Algorithm Best Mean Worst Std Algorithm Best Mean Worst Std

ABC 1794286 1863934 1835980 57518 ABC 0.0024 0.0026 0.0028 0.0002
PSO 467189 480804 557390 35966 PSO 0.0024 0.0026 0.0028 0.0002
BA 562529 501013 557390 37061 BA 0.0028 0.0030 0.0036 0.0003
GWO 554109 527983 541440 30893 GWO 0.0024 0.0026 0.0028 0.0002
WOA 609426 611430 672602 43390 WOA 0.0024 0.0025 0.0028 0.0002
GOA 594179 627841 636280 38286 GOA 0.0028 0.0030 0.0036 0.0003
SFO 4343391 4151502 2806539 519926 SFO 0.0016 0.0019 0.0020 0.0002
HHO 358539 356440 358132 16384 HHO 0.0024 0.0030 0.0032 0.0003
BSA 426368 419659 431039 20837 BSA 0.0028 0.0031 0.0036 0.0003
ASO 519569 721933 978056 186267 ASO 0.0028 0.003 0.0036 0.0003
HGSO 1016440 934474 819713 142263 HGSO 0.0032 0.0035 0.0040 0.0003

TABLE 9. Comparisons of different algorithms based on SVM in terms of
average accuracy.

Algorithm Best Mean Worst Std

ABC 1
PSO 1
BA 1
GWO 1
WOA 1
GOA 1
1
1
1
1
1

SFO
HHO
BSA
ASO
HGSO

Y T e T Y Y S Sy S Sy
O T
coccococococoo S

TABLE 10. Comparisons of different algorithms using SVM in terms of the
average number of selected features.

Algorithm Best Mean Worst Std Selection rate
ABC 6 6.6 7 0.4899  0.264
PSO 6 6.4 7 0.4899  0.256
BA 7 7.6 9 0.6633 0304
GWO 6 6.2 7 0.4000  0.248
WOA 6 6.6 7 0.4899  0.264
GOA 7 7.4 9 0.8000  0.296
SFO 5 53 5.5 0.4583  0.212
HHO 6 7.5 8 0.6708  0.300
BSA 7 7.7 9 0.7810  0.308
ASO 7 7.6 9 0.6633  0.304
HGSO 8 8.6 10 0.6633  0.344

o “The teaching method in this course encourages me to
participate actively during the classes” .

o “The quiz has been prepared in degrees” .

o “Students trained on how to solve exams online by
designing an experimental quiz” .

Table 11 shows the average fitness values for different
methods utilizing the SVM classifier. As shown in Table 11,
the SFO algorithm had the minimum fitness value compared
to others. ABC, PSO, GWO, WOA, and HHO algorithms
come second.

Table 12 shows the average computational time values
based on the 11 FS methods with the SVM classifier. First,
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TABLE 12. Comparisons of 11 FS algorithms based on SVM in terms of
computational time (in seconds).

Algorithm Best Mean Worst Std

ABC 22981739 17867785 17144705 2726585
PSO 109201474 62008794 40628865 53698852
BA 4669413 11232803 7547947 10707005
GWO 5249360 6688068 6566769 1524636
WOA 5747104 25510864 5819433 30735841
GOA 9159423 7358292 10106963 1873218
SFO 209201474 72008794 60628865 63698852
HHO 5855739 7773606 4742538 2891184
BSA 5492264 6692333 6514122 1354725
ASO 4152734 6050998 3038738 2104077
HGSO 6818171 7147302 7374711 352211

the ASO obtained the minimum average computational time,
then the BA algorithm ranked second.

G. COMPARISONS BASED ON ALL AND SELECTED
FEATURES USING k-NN AND SVM

Fig. 4 depicts the average overall accuracy for k-NN and
SVM using all and selected features. The average overall
accuracy for k-NN achieved 98%, while the SVM reached
92%. By applying meta-heuristic algorithms for FS, the SFO
with k-NN and SVM achieved an overall 100% accuracy for
the proposed dataset over counterparts.

H. BENCHMARK DATASETS RESULTS

In this section, the quality of the proposed 11 techniques is
further validated using 6 multi-scale datasets from the UCI
ML data repository [97] in many areas (e.g., biology, game,
and physics). Table 13 shows the number of features, number
of instances, and domain for each dataset. In the following
tables, ““Std” denotes the standard deviation metric, while
“WITIL” stands for the sum of wins, ties, ans losses fro each
algorithm over all datastes.

1) COMPARISONS BASED ON THE k-NN CLASSIFIER

All comparisons based on the 6 UCI datasets are tabulated in
Tables 14, 15, and 16 based on the k-NN classifier according
to the average fitness value, average classification accuracy,
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FIGURE 4. The average accuracy of k-NN and SVM for all and selected
features.

TABLE 13. Number of features and instances for each dataset.

# Dataset No. of features No. of instances Domain
1 Exactly 13 1000 Biology
2 Exactly2 13 1000 Biology
3 KrvskpEW 36 3196 Game

4 M-of-n 13 1000 Biology
5 Tic-tac-toe 9 958 Game

6 WaveformEW 40 5000 Physics

and average number of selected features, respectively. As can
be seen from Table 14, it can be easily noted that ABC
outperforms other algorithms.

Table 15 shows the average accuracy results of k-NN
obtained by each algorithm, it is noted that ABC scored the
highest accuracy results 97%

In addition, Table 16 shows the average number of selected
features based on k-NN for the different methods. As shown
in Table 16, GWO, WOA, SFO, BSA, ASO, and HGSO won
in one dataset by selecting the fewest number of features.

2) COMPARISONS BASED ON THE SVM CLASSIFIER

The comparisons between the 6 UCI datasets are recorded in
Tables 17,18, and 19 based on the SVM classifier according to
the average fitness value, average classification accuracy, and
average number of selected features, respectively. According
to the results of fitness value, as given in Table 17, GWO has
the smallest fitness value among the tested datasets.

Table 18 shows the average accuracy results of SVM for
the different methods. From Table 18, it is noted that ABC
and SFO ranked first by excelling in one dataset and a tie
over other 3 datasets. GWO ranked second by winning over
one dataset and a tie over two datasets. Finally, GOA, HHO,
and BSA ranked third by achieving a tie over three datasets
in terms of average classification accuracy.

In addition, Table 19 shows the average number of selected
features based on SVM with the different FS methods.
As shown in Table 19, it is noted that ASO ranked first by
winning over 2 datasets. BA, GWO, and WOA ranked second
by winning over one dataset. Finally, SFO and HHO tied
over one dataset in terms of the average number of selected
features, ranked so third.
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V. DISCUSSION

Due to the COVID-19 epidemic, instructors have been
enforced to incorporate new methods into their courses
in order to emphasise SSL despite the epidemic’s limita-
tions. According to the discussions in Section II, students
encountered some difficulties while participating in OL
as a result of the COVID-19 crisis. Researchers proposed
that colleges and universities should develop an education
continuity strategy to ensure continuous high-quality OL.
Many applications of ML algorithms have been proposed
to predict student academic performance. When mining a
student’s SSL, FS is one of those recommended prerequisites.
It aims to reduce the high computational costs required
by heavy mining tasks by removing any noisy, redun-
dant, or irrelevant features that may degrade classification
accuracy.

Nonetheless, no current research has looked at the impact
of FS techniques on SSL and awareness of: course content
and design, instructor quality, evaluation system, and how
many and which features affected the most on SSL with OL
during the COVID-19 epidemic. This paper developed two
more straightforward and precise models based on k-NN anf
SVM with 11 meta-heuristic algorithms in order to improve
EDM performance. We used 4 features (rather than the
original 20 features) which should really affect SSL and
so important enough to predict SSL with OL with 100%
accuracy.

Summarizing, this study advocated proposing new edu-
cational real-time dataset, as well as integrating two ML
strategies, k-NN and SVM, in 11 meta-heuristics for the
wrapper-based FS job. The comparative analysis performed
in the previous section, using the adopted real-time and
some other benchmark datasets, indicate that the proposed
methodologies have proven effective. k-NN with SVM
efficiently achieved an overall accuracy of 100% on the real-
dataset (as shown in Tables 5 and 9) with a feature size
reduction of up to 80% (as shown in Tables 6 and 10), and
a relatively good results with the benchmark datasets (as
shown in Tables 14—19). Apart from better accuracy and low
feature size, k-NN and SVM models also exhibited faster
convergence behavior that can be easily found out based on
fitness values and time consumed on most of the datasets
(the real-time one and benchmarks). This can be noted by
inspecting Tables 7, 8, 11, and 7 for the real time dataset,
and Tables 14 and 17 for the benchmark ones. Moreover,
computational cost SVM-based models were notably higher
than k-NN, given weights’ updating time taken by SVM
using a learning step whereas k-NN simply classifies based
on computing of distance. Lastly, the proposed models are
designed in such a straightforward way that it will be simple
to implement any potential to improve the methods.

Apart from effectivenesses demonstrated above, the pro-
posed models also maintain certain limitations:

o Some of the suggested meta-heuristics for FS may

comprise several control parameters, which may hurt
their applicability.
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TABLE 14. Comparisons of different algorithms based on k-NN in terms of average fitness.

Benchmark Metric ABC PSO BA GWO WOA GOA SFO HHO BSA ASO HGSO
Exactly Meanp;; 0.0132 0.1232 0.1546 0.0260 0.0472 0.0390 0.0147 0.0302 0.0439 0.2710 0.1476
Stdp;t 0.0097 0.0764 0.0915 0.0354 0.0518 0.0342 0.0178 0.0374 0.0480 0.0535 0.0796
Exactly2 Meanp;y 02294 0.2332 0.2418 0.2324 0.2331 0.2324 0.2274 0.2369 0.2328 0.2450 0.2438
Stdp;t 0.0023 0.0049 0.0054 0.0041 0.0049 0.0037 0.0000 0.0053 0.0038 0.0063 0.0063
KrVsKpEW  Meang;; 0.0254 0.0407 0.0397 0.0265 0.0309 0.0307 0.0279 0.0265 0.0316 0.0611 0.0364
Stdp;t 0.0022 0.0085 0.0095 0.0044 0.0053 0.0050 0.0028 0.0057 0.0040 0.0185 0.0066
M-of-n Meang;y 0.0070 0.0484 0.0491 0.0049 0.0135 0.0124 0.0054 0.0080 0.0097 0.1338 0.0515
Stdp;t 0.0048 0.0334 0.0508 0.0010 0.0140 0.0127 0.0021 0.0066 0.0082 0.0408 0.0242
Tic-tac-toe Meanp;; 01544 0.1576 0.1611 0.1547 0.1547 0.1551 0.1544 0.1610 0.1554 0.1908 0.1613
Stdp;t 0.0000 0.0050 0.0099 0.0018 0.0018 0.0026 0.0000 0.0112 0.0031 0.0166 0.0103
WaveformEW Meang;; 0.1624 0.1762 0.1794 0.1636 0.1671 0.1672 0.1618 0.1622 0.1653 0.1932 0.1787
Stdp;t 0.0040 0.0053 0.0067 0.0057 0.0059 0.0048 0.0028 0.0066 0.0067 0.0077 0.0045
Ranking W|T|L  3|0|3 0]0|6 0[0|6 1]|0/5 0[0|6 0[0|6 2/0j4 0[0|6 0[0|6 0[0]6 0[0|6
TABLE 15. Comparisons of different algorithms based on k-NN in terms of average accuracy.
Benchmark Metric ABC PSO BA GWO WOA GOA SFO HHO BSA ASO HGSO
Exactly Meance 09917 0.8818 0.8502 0.9788 0.9577 0.9660 0.9902 0.9747 0.9610 0.7333 0.8575
Stdac.  0.0094 0.0764 0.0919 0.0353 0.0518 0.0341 0.0176 0.0373 0.0480 0.0541 0.0795
Exactly2 Mean a.. 0.7737 0.7695 0.7607 0.7703 0.7698 0.7707 0.7750 0.7658 0.7695 0.7572 0.7590
Std Ace 0.0022 0.0049 0.0057 0.0045 0.0051 0.0038 0.0000 0.0058 0.0039 0.0073 0.0066
KrVSsKpEW  Mean .. 0.9808 0.9649 0.9660 0.9794 0.9751 0.9753 0.9781 0.9794 0.9742 0.9448 0.9701
Std gce 0.0022 0.0088 0.0101 0.0046 0.0055 0.0051 0.0029 0.0057 0.0042 0.0191 0.0067
M-of-n Mean pg.. 0.9978 09577 0.9563 0.9998 0.9917 0.9928 0.9995 0.9970 0.9955 0.8717 0.9545
Std Ace 0.0046 0.0330 0.0508 0.0009 0.0136 0.0124 0.0020 0.0064 0.0079 0.0419 0.0239
Tic-tac-toe Meanp.. 0.8542 0.8493 0.8453 0.8536 0.8536 0.8531 0.8542 0.8460 0.8526 0.8135 0.8453
Std Ace 0.0000 0.0075 0.0119 0.0028 0.0028 0.0039 0.0000 0.0128 0.0047 0.0167 0.0121
WaveformEW Mean a.. 0.8424 0.8277 0.8249 0.8405 0.8369 0.8370 0.8426 0.8422 0.8390 0.8112 0.8258
Std Ace 0.0040 0.0054 0.0071 0.0057 0.0061 0.0048 0.0029 0.0067 0.0067 0.0079 0.0046
Ranking W|T|L  3|0[3 0[0]6 0[0]6 1]|0|5 0]|0|6 0]|0|6 2|04 0[0]6 0[0]6 0[0|6 0]0|6
TABLE 16. Comparisons of different algorithms based on k-NN in terms of average number of selected features.
Benchmark Metric ABC PSO BA GWO WOA GOA SFO HHO BSA ASO HGSO
Exactly Meanpeq: 00647 008.10 008.20 006.57 006.90 007.00 006.43 006.67 006.93 009.13 008.50
Stdpeat 000.50 001.04 001.28 000.67 000.79 000.63 000.56 000.70 000.73 001.82 001.18
Exactly2 Meanpeq: 006.97 006.47 006.37 006.53 006.77 007.00 006.00 006.53 006.00 005.97 006.83
Stdpeat 001.02 001.02 001.74 001.09 001.23 001.39 000.00 001.61 001.15 002.23 001.85
KrVSsKpEW  Meangeq: 023.13 021.77 021.87 021.77 022.47 022.60 022.40 021.90 021.73 023.23 024.33
Stdpeat 002.35 002.65 003.52 002.50 002.28 002.65 001.89 002.74 002.45 004.34 003.01
M-of-n Meanpeq: 00637 008.50 007.67 006.20 006.83 006.90 006.37 006.50 006.77 008.73 008.40
Stdpeat 000.55 001.48 001.27 000.40 000.86 000.75 000.48 000.56 000.72 002.02 000.99
Tic-tac-toe Meanpeq: 009.00 007.53 007.13 008.83 008.83 008.70 009.00 007.70 008.53 005.60 007.33
Stdpeat 000.00 002.25 002.16 000.90 000.90 001.13 000.00 001.93 001.41 001.28 002.12
WaveformEW Meanpeq: 025.30 022.60 024.20 022.83 022.53 023.40 023.70 023.93 023.57 025.10 025.03
Stdpeat 003.84 002.68 003.95 003.01 003.04 002.63 002.44 002.74 002.60 004.46 002.54
Ranking W|T|L 0/0/6 0[0/6 0]|0|6 1]|0/5 1|0|5 0|0|6 1|0|5 0[0/6 1|0|5 1|0|5 1|0|5

« Additionally, the subset of selected features may change
at each time of execution, given the stochasticity nature
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of optimization techniques, which may confuse the user
which feature sets to realize.
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TABLE 17. Comparisons of different algorithms based on SVM in terms of average fitness.

Benchmark Metric ABC PSO BA GWO WOA GOA SFO HHO BSA ASO HGSO

Exactly Meanp;: 0.2612 03006 0.3248 0.2835 0.2969 0.2892 0.2589 0.3044 0.3012 0.3321 0.3160
Stdrit 0.0137 0.0311 0.0135 0.0301 0.0305 0.0318 0.0084 0.0310 0.0289 0.0040 0.0236
Exactly2 Meanp;: 02486 0.2492 0.2494 0.2483 0.2487 0.2485 0.2483 0.2483 0.2487 0.2499 0.2497

Stdrit 0.0004 0.0005 0.0006 0.0001 0.0005 0.0004 0.0000 0.0000 0.0004 0.0006 0.0006
KrVsKpEW  Meanp;: 0.0266 0.0395 0.0402 0.0256 0.0315 0.0324 0.0284 0.0278 0.0304 0.0539 0.0362
Stdrit 0.0031 0.0083 0.0083 0.0040 0.0048 0.0037 0.0023 0.0050 0.0031 0.0166 0.0037
M-of-n Meang;; 0.0053 0.0266 0.0419 0.0050 0.0102 0.0056 0.0051 0.0052 0.0056 0.1149 0.0116
Stdrit 0.0004 0.0511 0.0642 0.0005 0.0251 0.0004 0.0004 0.0006 0.0006 0.0701 0.0269
Tic-tac-toe Meang;; 01017 0.1206 0.1197 0.1017 0.1051 0.1018 0.1017 0.1018 0.1017 0.1602 0.1129
Std ;i 0.0000 0.0191 0.0251 0.0000 0.0090 0.0004 0.0000 0.0004 0.0002 0.0320 0.0120
WaveformEW Meang;; 0.1315 0.1468 0.1435 0.1328 0.1357 0.1380 0.1333 0.1320 0.1352 0.1536 0.1412
Stdp;t 0.0029 0.0051 0.0076 0.0033 0.0045 0.0050 0.0028 0.0044 0.0046 0.0070 0.0048

Ranking W|T|L  1|1]4 0]/0|6 0[0]6 2[2|2 0]0|6 0/0[6 1[2]3 0[1]5 0|1|5 0[0|6 0]0|6

TABLE 18. Comparisons of different algorithms based on SVM in terms of average accuracy.

Benchmark Metric ABC PSO BA GWO WOA GOA SFO HHO BSA ASO  HGSO

Exactly Mean e 0.7415 0.7022 0.6777 0.7187 0.7060 0.7135 0.7435 0.6973 0.7013 0.6683 0.6870
Std Ace 0.0132 0.0311 0.0139 0.0305 0.0304 0.0318 0.0081 0.0316 0.0292 0.0051 0.0234
Exactly?2 Meanac. 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500 0.7500

Std Acc 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000 0.0000
KrVsKpEW  Meanac. 0.9799 0.9661 0.9657 0.9807 0.9742 0.9738 0.9773 0.9781 0.9757 0.9518 0.9700
Stdace 0.0033 0.0087 0.0089 0.0043 0.0052 0.0038 0.0025 0.0053 0.0031 0.0173 0.0038
M-of-n Mean e 1.0000 0.9795 0.9642 1.0000 0.9953 1.0000 1.0000 1.0000 1.0000 0.8905 0.9950
Stdace 0.0000 0.0523 0.0650 0.0000 0.0251 0.0000 0.0000 0.0000 0.0000 0.0718 0.0269
Tic-tac-toe Meanac. 0.9062 0.8868 0.8875 0.9062 0.9028 0.9062 0.9062 0.9062 0.9062 0.8457 0.8948
Std Acc 0.0000 0.0199 0.0261 0.0000 0.0094 0.0000 0.0000 0.0000 0.0000 0.0332 0.0128
WaveformEW Mean a.. 0.8738 0.8579 0.8611 0.8722 0.8694 0.8669 0.8718 0.8728 0.8696 0.8512 0.8639
Std Ace 0.0028 0.0052 0.0079 0.0037 0.0045 0.0049 0.0028 0.0045 0.0047 0.0075 0.0051

Ranking WITIL  1|3]2 0|15 o015 1]2/3 0|15 0|3]3 1/3]2 03]3 0[3[3 0|15 O0|1|5

TABLE 19. Comparisons of different algorithms based on SVM in terms of average number of selected features.

Benchmark Metric ABC PSO BA GWO WOA GOA SFO HHO BSA ASO HGSO
Exactly Meanpeq: 006.87 007.53 007.40 006.53 007.60 007.27 006.43 006.23 007.17 004.83 008.03

Stdpeat 000.85 001.67 002.32 001.54 001.58 001.59 000.67 002.69 001.49 002.65 001.62
Exactly2 Meanpeq: 001.43 002.27 002.47 001.03 001.50 001.30 001.00 001.00 001.53 003.13 002.80

Stdreat 000.50 000.63 000.76 000.18 000.62 000.46 000.00 000.00 000.50 000.81 000.79
KrVSsKpEW  Meanpeq: 024.03 021.47 02273 023.47 021.40 023.20 021.57 021.87 022.70 022.13 023.37
Stdpeat 002.59 003.69 003.55 003.61 003.53 003.13 002.87 003.15 002.79 002.77 002.74
M-of-n Meanpeq: 006.83 008.13 008.40 006.53 007.23 007.27 006.57 006.73 007.30 008.43 008.67
Stdrpeat 000.58 001.41 001.62 000.62 000.88 000.57 000.50 000.73 000.82 001.76 000.98
Tic-tac-toe Meanpeq: 008.00 007.67 007.53 008.00 008.00 008.13 008.00 008.13 008.03 006.63 007.87
Stdpeat 000.00 000.83 000.92 000.00 000.45 000.34 000.00 000.34 000.18 001.14 000.85
WaveformEW Meangpeq: 026.30 024.37 024.10 024.80 025.53 024.93 025.57 024.20 024.50 025.27 025.53
Stdreat 002.35 002.76 003.17 002.98 002.23 002.62 002.72 002.29 002.55 003.47 003.01

Ranking W|T|L 0/0|6 o0|o/6 1|0/5 1]0|5 1]0/5 o0|0|6 0]1]5 0]|1|5 0]0|6 2]|0|4 0]|0|6
o Apart from the 11 meta-heuristic methods adopted implementation. However, its performance is often
herein, this study used k-NN as classification algorithm degraded for being a slow learner and thus vulnerable
in a wrapper-based FS strategy due to its ease of to noisy data. On the other hand, SVM is complex in
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nature and so revealed overall higher performance in
terms of accuracy and selection ratio. It is noteworthy
that switching to other classifiers may exacerbate the
running time.

VI. CONCLUSION

In this paper, an SSL prediction model was proposed to
develop the educational process during COVID 19 and solve
issues impeding OL progress. Our model consists of four
components: data preprocessing, FS, ML classifiers, and
evaluating ML models. The dataset was collected via a
questionnaire particularly designed to specifiy how students
are affected by OL. The current study utilized some standard
SSL evaluation criteria, including faculty member obligation
(online), teaching and lectures (online), assessment systems,
and E-Tests. The best set of features were selected using
11 wrapper-based FS algorithms. In addition, two ML
classifiers, k-NN and SVM, were applied to all features and
the selected ones to sense the difference.

The findings demonstrated that overall accuracy based
on the selected features had been improved by 2% and
8% for k-NN and SVM, respectively, compared to using
all features; the overall mean accuracy for k-NN and SVM
achieved 100% with FS algorithms. The SFO algorithm with
k-NN and SVM performs the best in terms of exploration
and exploitation abilities (fitness). It only determined four
features. We conclude that four features (instead of the
20 features) affected SSL and are sufficient to predict SSL
with OL with a 100% prediction accuracy. The minimal, yet
crucial, selected features are: ““The lectures are presented in
an attractive style”, “The teaching method in this course
encourages me to participate actively during the classes”,
“The quiz has been prepared in degrees”, and *‘Students
trained on how to solve exams online by designing an
experimental quiz”. This could help HEIs to predict SSL
at an early stage and present the diagnosis and therapy to
avoid hitches in the educational process and achieve the most
significant possible outcomes during acute crises like the
COVID-19. In the future, as Random Forest (RF) model can
perfectly fit the input-output relationship with unlimited high
complexity, it can be tried with the 11 FS methods on the
proposed real-time dataset.
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