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Preface

This Reprint brings together a curated selection of recent scientific studies that reflect the

changing landscape of educational technology. Its subject is the transformation of teaching and

learning through artificial intelligence; immersive and game-based pedagogies; and digital platforms

that support large-scale, collaborative, and sustainable education. The scope of this Reprint spans

higher education, school education, and lifelong learning and includes both conceptual and empirical

work that addresses learning design, assessment, learner engagement, platform architecture, and the

evolving role of educators in technology-rich environments.

The aim of this collection is to provide a coherent view of how educational technology is moving

from isolated digital tools toward integrated learning ecosystems. Rather than treating technology as

a simple delivery mechanism, the studies collected here examine how intelligent systems, immersive

environments, and smart platforms reshape how learning is designed, experienced, and evaluated.

The purpose is not to promote technology for its own sake but to explore how digital innovation can

support meaningful learning, the responsible use of data, and sustainable educational practice.

The motivation for preparing this Reprint comes from the rapid pace of change in both

technology and education. Developments in artificial intelligence, generative systems, virtual and

augmented reality, and cloud platforms are advancing faster than educational institutions can easily

adapt. This has created a need for carefully selected, peer-reviewed research that helps educators,

researchers, and policymakers understand not only what is technically possible but also what is

pedagogically sound, ethically responsible, and socially valuable.

This edition is addressed to researchers in educational technology, learning sciences, and

computer science, as well as to educators, instructional designers, school leaders, and policy makers

who are engaged in shaping the future of education. It is also intended for postgraduate students

and early-career researchers seeking a structured entry point into current debates on AI in learning,

immersive pedagogy, and smart education systems. By bringing these works together, this Reprint

aims to support informed discussion, critical reflection, and future research on how technology can

genuinely enhance education.

Ananda Maiti

Guest Editor
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Editorial

Editorial: Recent Advances in Computer-Assisted Learning †

Ananda Maiti

School of IT, Deakin University, Waurn Ponds, Geelong, VIC 3216, Australia; anandamaiti@ieee.org
† This Editorial is for the special issue: “Recent Advances in Computer-Assisted Learning (1st Edition).” Link to

the Special Issue: https://www.mdpi.com/journal/computers/special_issues/MP33I5WBP3.

1. Introduction

Educational Technology (EdTech) is undergoing a profound transformation through
three converging forces: the rapid maturation of artificial intelligence, the rise in immersive
and game-based learning environments, and the large-scale phantomization of education
through cloud computing, smart systems, and sustainable digital infrastructures. EdTech is
no longer limited to digitizing textbooks or delivering content online; it increasingly seeks
to personalize learning, anticipate learner needs, support educators with intelligent tools,
and design engaging environments that address motivational and cognitive challenges.
This shift reflects a broader move from treating technology as an add-on to pedagogy
toward treating it as an integral component of how learning is designed, experienced,
assessed, and governed.

Across contemporary research, three dominant themes stand out. First, AI and ma-
chine learning are being used to analyze learner behavior, automate feedback, generate
learning content, and support decision-making. Second, game-based and immersive
pedagogies aim to address declining engagement by embedding learning in interactive,
experiential, and motivational environments. Third, education is increasingly organized
around platforms and smart systems that integrate collaboration, mentoring, scalability,
and sustainability. Together, these trends suggest that EdTech is evolving into an ecosys-
tem of intelligent, immersive, and scalable learning infrastructures rather than isolated
digital tools.

2. AI/ML in Learning

Artificial intelligence has become the most transformative force in contemporary
EdTech, particularly in learning analytics, intelligent tutoring, automated assessment, and
generative systems. One major strand of AI focuses on predicting learning outcomes
and supporting early intervention. Contribution 1, by Canale et al., demonstrates that
machine learning models trained on version control system data can predict student exam
performance well before the end of a course, while also emphasizing the importance of ex-
plainable AI to enable teachers to understand and trust predictions. Similarly, Contribution
2, by Psathas et al., uses classic machine learning models to predict dropout in MOOCs,
showing that behavioral traces combined with self-reported self-regulated learning data
provide strong early indicators of risk. These studies position AI as an early warning
and decision-support system for educators rather than as a replacement for pedagogical
judgment.

Another major area is intelligent tutoring and conversational agents. Contribution
3, by Pérez-Marín et al., explores the use of pedagogic conversational agents designed to
teach programming to children and shows that involving pre-service teachers in co-design
significantly increases acceptance and classroom integration. This work highlights that

Computers 2026, 15, 80 https://doi.org/10.3390/computers15020080
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technological sophistication alone is insufficient; social and professional acceptance by
educators is critical for real impact. Therefore, conversational agents not only emerge as
technical systems, but also as socio-technical artifacts that must align with teacher identity
and practice.

Automated assessment is another rapidly growing domain. Contribution 4, by
Nakamoto et al., addresses the problem of scoring mathematical self-explanations and
proposes a semi-supervised approach that uses large language models to generate syn-
thetic training data. Their results show that carefully integrated LLM-generated data can
significantly improve scoring accuracy, although excessive synthetic data can degrade per-
formance. This work illustrates how generative AI can act as a data amplifier in educational
contexts where high-quality labeled data is scarce.

Generative AI has also become a subject of critical reflection in its own right. Con-
tribution 5, by Montenegro-Rueda et al., conducted a systematic review of the existing
research on the use of ChatGPT in education, showing its overall positive impacts on
personalization, feedback, writing support, and collaboration, but also identifying major
challenges such as a lack of teacher training, ethical risks, hallucinations, and misuse. Their
analysis reveals three major research clusters: the changing role of teachers, the impact of
chatbots on students, and the socio-technical context of adoption. This not only positions
generative AI as a technical innovation, but also as a force that can reshape educational
roles, assessment practices, and academic integrity.

AI also has relevance at the infrastructure level. Contribution 6, by Govea et al.,
shows that integrating AI with cloud computing significantly improves scalability, reduces
administrative errors, and enables personalized content delivery in educational platforms.
This demonstrates that AI is not only being increasingly embedded in learning activities,
but also in the operational backbone of education.

Together, these studies portray the use of AI/ML in learning as moving from ex-
perimentation toward systemic integration. AI supports prediction, feedback, content
generation, assessment, and platform management. However, across these works, a con-
sistent message emerges: the success of AI in education depends less on algorithmic
sophistication than on transparency, teacher training, ethical governance, and thoughtful
pedagogical integration.

3. Game-Based and Immersive Pedagogy

Parallel to the rise of AI is a strong focus on engagement, motivation, and experiential
learning through games and immersive technologies. Contribution 7, by Nadeem et al.,
shows that digital game-based learning significantly improves student engagement and
motivation compared to traditional online activities, although features such as leaderboards
can motivate some students while demotivating others. This highlights that gamification is
not universally beneficial; its effects are mediated by learner differences and design choices.

Contribution 8, by Karavidas et al., directly compared the use of serious games for self-
assessment in web technologies with the use of online quizzes, finding that while serious
games increase engagement and the number of questions attempted, they do not necessarily
improve learning outcomes compared to quizzes. This challenges the assumption that
more engaging formats automatically yield better learning outcomes and underscores the
need to carefully align game mechanics with learning objectives.

Immersive technologies extend this engagement agenda further. Contribution 9, by
Esteves et al., provides a systematic review of immersive virtual reality applications for En-
glish learning, identifying several categories of design recommendations related to learning,
interaction, and sensory experience. Their work shows that immersion and presence can

https://doi.org/10.3390/computers15020080
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support vocabulary retention, motivation, and contextual learning, but their effectiveness
depend heavily on the quality of the designs and their alignment with pedagogical goals.

These game-based and immersive approaches also intersect with other EdTech do-
mains. Contribution 5, by Montenegro-Rueda et al., notes that ChatGPT and similar tools
are sometimes used to support creative, interactive, and collaborative activities that can be
integrated into game-like learning designs. Likewise, the use of immersive VR for language
learning often incorporates gamified elements such as exploration, tasks, and narrative
progression, as shown in Contribution 9.

Across these studies, game-based and immersive pedagogy emerges less as a single
method and more as a design philosophy focused on experience, motivation, and partic-
ipation. However, evidence also shows that engagement alone is insufficient. Effective
learning requires careful alignment between game mechanics, immersive features, and
cognitive learning goals. The challenge for EdTech is therefore not simply to make learning
fun, but to make engagement pedagogically meaningful.

4. Education Platforms and Smart Systems

The third major theme concerns the infrastructure that supports learning: platforms,
smart environments, and sustainable systems. Contribution 10, by Nguyen et al., pro-
poses a smart education system that integrates collaborative learning and e-mentoring and
demonstrates, through empirical evaluation, that such systems can support diverse learners
by combining peer interaction with professional guidance. Their model frames smart edu-
cation around three elements—smart learners, smart pedagogy, and smart environments—
with technology acting as an enabler of flexible learning pathways.

Govea et al.’s work on AI and cloud computing demonstrates how platforms can scale
to large user bases while maintaining personalization and reducing administrative burden,
as shown in Contribution 6. This reflects a broader shift toward platform-based education
in which learning is delivered through integrated ecosystems rather than isolated tools.

Sustainability is also becoming a central concern. Contribution 11, by Mikroyannidis
et al., describes the OpenLang Network, a sustainable online platform for language learn-
ing across Europe that combines open educational resources, community participation,
and long-term governance strategies. Their evaluation shows that sustainability is not
only technical, but also social, and depends on openness, community engagement, and
institutional support.

In addition, AI intersects with platform design. Predictive analytics from Canale
et al. and Psathas et al. in Contribution 1 and 2 can be embedded in platforms to monitor
progress and flag risks. Generative tools such as ChatGPT are increasingly being integrated
into platforms as learning companions or content generators, as discussed by Montenegro-
Rueda et al. in Contribution 5. Thus, platforms are becoming intelligent environments that
combine analytics, interaction, automation, and collaboration.

These studies show that the future of EdTech is not just about better tools, but also
about better systems: scalable, intelligent, collaborative, and sustainable environments that
support diverse learners and long-term educational goals.

5. Conclusions: Toward Intelligent, Immersive, and Scalable Education

Taken together, the eleven papers in this Special Issue depict EdTech as a field moving
rapidly toward integrated learning ecosystems. AI and machine learning are reshaping
assessment, feedback, prediction, and content generation. Game-based and immersive
pedagogies address engagement and experience, but require careful pedagogical design.
Platforms and smart systems provide the infrastructure that enables large-scale, personal-
ized, and sustainable education.

https://doi.org/10.3390/computers15020080
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Across all themes, a common thread emerges: technology alone does not improve
education. Impact depends on design quality, teacher training, ethical governance, and
alignment with pedagogy. Whether through AI models predicting dropout, VR environ-
ments teaching languages, serious games assessing knowledge, or smart platforms sup-
porting collaboration, the future of EdTech lies in the thoughtful integration of intelligence,
immersion, and infrastructure. This Special Issue not only maps the current practices, but
also the conceptual foundations for the next generation of educational systems—systems
that are adaptive, engaging, and socially responsible.

Funding: This research received no external funding.

Conflicts of Interest: The author declares no conflicts of interest.
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On Predicting Exam Performance Using Version Control
Systems’ Features

Lorenzo Canale 1,2,†, Luca Cagliero 1,*,†, Laura Farinetti 1,† and Marco Torchiano 1,†
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Abstract: The advent of Version Control Systems (VCS) in computer science education has signifi-
cantly improved the learning experience. The Learning Analytics community has started to analyze
the interactions between students and VCSs to evaluate the behavioral and cognitive aspects of the
learning process. Within the aforesaid scope, a promising research direction is the use of Artificial
Intelligence (AI) to predict students’ exam outcomes early based on VCS usage data. Previous AI-
based solutions have two main drawbacks: (i) They rely on static models, which disregard temporal
changes in the student–VCS interactions. (ii) AI reasoning is not transparent to end-users. This paper
proposes a time-dependent approach to early predict student performance from VCS data. It applies
and compares different classification models trained at various course stages. To gain insights into
exam performance predictions it combines classification with explainable AI techniques. It visualizes
the explanations of the time-varying performance predictors. The results of a real case study show
that the effect of VCS-based features on the exam success rate is relevant much earlier than the end of
the course, whereas the timely submission of the first lab assignment is a reliable predictor of the
exam grade.

Keywords: version control systems; machine learning; explainable AI; learning analytics

1. Introduction

Version control systems (VCS) are tools aimed at helping teams of software developers
to manage code changes. In computer science education, the use of VCSs is established. For
example, the GitHub collaborative platform has shown to enhance the learning experience
under multiple aspects [1]. In university-level computer science courses, VCSs have gained
importance as collaboration platforms in the development of application software projects:
they not only support the learning and evaluation processes but also foster students’
participation and ease the collaboration between team members [2,3].

Statistical analyses of the interactions between students and VCSs have shown that
VCS-based data are effective in characterizing the relationship between the utilization of
VCSs and the exam grades. In this regard, various VCS-based features have already been
considered, e.g., the selection proposed by [4]. They incorporate information relevant to
both behavioral and cognitive engagement levels of the student [5].

This paper analyzes the activities of the students of a university-level Object-Oriented
Programming course by monitoring their interactions with a VCS. The purpose is to predict
various exam performance indicators early such as the exam success rate, the exam grade,
the lab dropout rate (when a student stops attending the laboratory activities from a certain
point on), and the number of exam attempts prior to passing the exam. The purpose is to
allow timely interventions focused on at-risk situations [6].

Computers 2024, 13, 150. https://doi.org/10.3390/computers13060150 https://www.mdpi.com/journal/computers5
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Previous works on early prediction of students’ performance based on VCS usage
data presented by [7,8] have two main drawbacks:

• Time invariance. Existing ML models are commonly trained once on the complete set
of VCS usage statistics. However, since VCS data are time-evolving, there is a need
for time-dependent model analyses and comparisons to allow early prediction of the
students’ exam performance well before the end of the course.

• Limited explainability. AI often produces non-transparent outcomes, which cannot
be explained to the teacher. This can lead to trust issues when predictions fail. To
overcome this issue, there is a need to involve human experts in the decision-making
process.

To address the aforesaid challenges, the present work presents the following contribu-
tions.

• Time-dependent ML model training. Computer science courses typically entail a sequence
of assignments and tests. VCSs continuously trace students’ activities on log files
throughout the course. The VCS usage data collected in the first part of the course
is likely to be correlated with the students’ performance. Hence, we investigate the
suitability of intermediate VCS usage data to perform early student performance pre-
diction. To this end, we re-train the classifiers on the available statistics to dynamically
update the predictive models depending on the availability of up-to-date information.

• Visual classifier explanation. We compare the classification models by exploiting a state-
of-the-art explainable AI method, namely Shapley Additive explanations (SHAP) [9].
SHAP provides teachers with a visual interpretation of the time-dependent impact of
the VCS-based feature values taken by a student on the exam performance predictions.

We carried out an empirical analysis of the presented methodology on real VCS
usage data collected during an Object-Oriented Programming course. The main results are
summarized below:

• Predictive power of early VCS-based models. The VCS usage patterns identified at the
very preliminary course stages are, to a good approximation, accurate predictors of
the students’ exam performance.

• Negative impact of lab dropout. The dropout of a student from the course laboratories can
be detected by monitoring the VCS commits. The attendance of laboratory activities
has shown to be highly discriminating of both exam success rate and grade. Stopping
laboratory attendance in the first part of the course has shown to negatively affect
exam performance.

• Positive impact of exam attempt. The a priori knowledge of the outcomes of past exam
sessions has shown to enhance the quality of classifier predictions provided that
VCS-based features are considered in the ML model as well.

• Correlation between exam grades and laboratory attendance. To obtain high grades, stu-
dents usually need to attend most of the course laboratories. The attendance to the
laboratories at the beginning of the course has shown to be not sufficient to achieve
high grades.

The source code of our methodology is available at https://github.com/Loricanal/
VESPE (accessed on 1 June 2024). The source data are available for research purposes upon
request to the authors.

A paper outline follows. Section 2 provides a literature review. Section 3 introduces the
research context. Section 4 presents the proposed architecture. Section 5 discusses the main
results. Finally, Section 6 concludes the work and discusses the future research agenda.

2. Literature Review

The learning analytics community has already explored the use of Version Control
Systems in education. For example, Refs. [2,3] studied the role of GitHub (https://github.
com/ (latest access: 1 May 2024)) as a collaborative resource in large software engineering

6
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classes. Thanks to the functionalities provided by the VCS, the majority of the learners have
shown to actively contribute to the project through code changes, reviews, and comments.
Refs. [10,11] studied the learners’ adherence to the iterative software development model as
well as the extent to which students interact with each other even in the absence of specific
commitments. They show the benefits of using VCSs for individual learning activities.

The correlation between the utilization of VCSs and the exam grades was studied
by [4,7,12,13]. They carried out statistical analyses to verify the dependence between a
selection of VCS-based features and learners’ outcomes. For example, the number and
frequency of GitHub commits have shown to be correlated with the exam outcomes.

Parallel attempts to use Machine Learning techniques on top of VCS-based features
have been made. For example, Refs. [8,14–16] extracted from the VCS log files a subset of
features summarizing the most relevant students’ interactions with VCS, collected them
into a training dataset, and trained a classification model. The classifier is exploited to
predict students’ performance. The main limitations of the existing ML-based solutions are
(i) the time-invariance of the trained models, which disregard the temporal evolution of
the learner’s interactions with the VCS, and (ii) the limited interpretability of the trained
models, which hinders an in-depth analysis of the ML reasoning.

Position of the present work. We address the limitations of the previous works as follows:
(i) We study how the impact of VCS-based features on ML model performance changes over
time as a result of the temporal changes in the student–VCS interactions. (ii) We generate
visual explanations of the classifiers using an established explainable AI method [9]. The
provided visualizations allow for a detailed comparison between the models trained at
different course stages.

3. Context of Research

The research presented in this paper draws its data from an object-oriented (OOP)
programming course in the second year of the Computer Engineering B.Sc. degree. held
every year in spring. The course consists of 70 taught hours and 20 h of laboratory activities
devoted to the development of programming assignments. The language of choice for the
course is Java (currently, version 8 is used). While previous programming courses in the
curriculum adopted paper-based exams, in this one, the teachers opted for a computer-
based exam to improve students’ practice. All the exercises and submissions are conducted
in the laboratory under the teacher’s supervision.

Laboratory practices are meant to develop software testing and software configura-
tion skills in compliance with SWECOM 1.0 [17]. Moreover, automated testing appears
particularly suited to respond to the Millennials’ need for frequent feedback [18]. The tests
are performed using the JUnit 5 automated testing framework. Test cases are written as
methods within Java classes. Such methods include statements that exercise the code under
tests and assertions that check the actual return values vs. the expected ones. The JUnit
framework executes all test cases, and for each one, it collects the outcome, i.e., Success
(correct execution and all assertions verified), Failure (correct execution but at least one
assertion not verified), or Error (incorrect execution). A detailed description of the key
practices used in laboratory is given in [19].

4. The Presented Methodology

We present here the Visual Explainable Student performance PrEdictor (VESPE), a
machine learning-based method aimed at predicting students’ exam performance based
on VCS-based features. VESPE allows end-users to apply ML models trained at different
course stages and compare them by exploiting ad hoc visual explanations. VESPE end-
users are teachers/educators, mainly from the Computer Science area because a minimum
level of data and computational literacy are required.

VESPE supports the integration of an arbitrary set of student-related features. They
include both time-dependent VCS-based features (e.g., the number of commits) and time-
invariant ones (e.g., year of enrollment). Furthermore, it integrates a variety of prediction
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targets related to the students’ exam performance (e.g., exam success, exam grade). Our
purpose is to study the impact of VCS-based features on exam performance. Hence,
hereafter we will disregard the time-invariant features as their analysis is out of the scope
of the present work.

Figure 1 shows the architecture of the proposed methodology where the end-user
can feed VCS data, specify prediction targets and related options and then the system
produces the time-varying predictions and visualizes the model explanations. A more
detailed description of each block follows.

Figure 1. The VESPE architecture.

4.1. Input UI
4.1.1. VCS Usage Data

The input VCS usage data are stored in a relational dataset [20]. Each record corre-
sponds to a different student whereas each attribute is associated with a distinct feature.
Analogously, the target dataset stores the values of the target classes for each student
in separate attributes. Hence, the target of the prediction could be dynamically set up
according to the end-user goals.

4.1.2. Feature Engineering

We focus on the activities carried out by the students on the VCS and related to the
course laboratories. The considered features and the corresponding categorizations are
reported in Tables 1 and 2. They include both VCS-based feature categories considered
in the previous works and newly proposed ones. Specifically, the features related to
assignment submissions and commits have already been considered in past research studies.
For instance, Ref. [8] carried out an in-depth feature analysis. Conversely, to the best of
our knowledge, categories Lab dropout and Exam attempts are new. A complementary
goal of our research work is to understand whether the newly proposed VCS-based feature
categories are correlated with students’ exam performance.

Lab dropout indicates whether a student stops attending the laboratory (Dropout N
indicates that the student stopped attending the course after the N-th laboratory). It is an
indicator of students’ engagement level and, in particular, it is related to both persistence
and completion. Notice that stopping lab attendance does not necessarily imply course
dropout [21].

Exam attempts indicate the number of exam attempts made by a student. We recall
that a student could attend the official exam of a course up to four times per year. Repeated
exam attempts can be due to either exam failures or to the rejection of the exam grade.

8
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Table 1. Description of the VCS features extracted from [22].

Feature Description

Commit numbers (D = 6)

CommitCount#Lab {1,2,3,4,5} Number of commits for each lab

CommitCount#Total Total number of commits

Commit quality (D = 18)

Passed#Lab{1,2,3,4,5} Number of tests passed for each lab

Passed#Total Total number of passed test

Error#Lab{1,2,3,4,5} Number of tests that raised errors for each lab

Error#Total Total number of tests that raised errors

Failed#Lab{1,2,3,4,5} Number of tests failed for each lab

Failed#Total Total number of failed tests

Commit frequency (D = 6)

CommitsPerDay#Lab{1,2,3,4,5} Average number of commits per day for
each lab

CommitsPerDay#Total Average number of commits per day

Active days (D = 6)

ActiveDays#Lab{1,2,3,4,5} Number of days in which at least 1 commit
was carried out for each lab

ActiveDays#Total Total number of days in which at least 1
commit was carried out

Submitted labs (D = 6)

Done#Lab{1,2,3,4,5} Lab were submitted or not

DoneLab#Total Total number of submitted lab

Dropout (D = 4)

Dropout#Lab{2,3,4,5} Dropout#LabN: the student submitted labs 1 . . .
N − 1

Table 2. Description of Exam attempts features extracted from [22].

Feature Description

PreviousAttempt
The feature indicates whether the examination was already attempted by the student in the first session; it

takes the value 1 if it was attempted (regardless of the outcome) and takes the value 0 if it was not
attempted.

PreviousAttemptPass
The feature indicates whether the examination had already been attempted by the student in the first

session and passed (0 if it was not attempted or failed, 1 if it was attempted and passed). In practice, this
indicates the students who refused the grade.

PreviousAttemptFail The feature indicates whether the examination had already been attempted by the student in the first
session and failed (0 if not attempted or attempted and passed, 1 if attempted and failed).

4.1.3. Model Training

We train multiple ML models at different time points. Specifically, we train a separate
model after each laboratory session (which requires tight student–VCS interactions). Notice
that the available feature set changes over time because the values of some of the VCS-based
features in Tables 1 and 2 are missing or need updates.

The data used to train the ML algorithms at time tn contains only the features fx whose
time stamp tx ≤ tn. For instance, let us suppose that lab 1 and lab 2 terminated at times t1
and t2, respectively. Then, at time tx [t1 ≥ tx ≥ t2], ML training can be run on a dataset
describing the activities carried out in lab 1, whereas the features related to lab 2 are not
available.

9
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In the performed experiments we considered as reference time stamps t1, t2, . . ., tn the
end of each lab of the course. Hence, at the end of an arbitrary lab x, we re-train the ML
model by using only the features describing the labs from 1 to x.

4.1.4. Prediction Targets

A student who passes the exam receives a grade. Grades are discretized into bins as
follows: grade A is a fairly high grade, grade B accounts for students who obtained an
intermediate grade, whereas grade C is relative to the students who passed the exam but
with a low grade.

According to the exam statistics, almost all students passed the exam. Students who
received a high grade (A) are quite numerous in the first two exam session attempts,
whereas getting high grades was less likely in Exams 3 and 4. For the latter exam sessions,
the number of students giving the exam is too small to have enough data samples to make
accurate predictions.

According to the aforesaid statistics, in our experiments we will focus on a subset of
prediction targets for which a sufficiently large set of training samples is available:

Specifically, target Success takes values (1) Pass if the student passed the exam, (2) Fail
if the student fails all the attempts, or (3) Dropout if the student performs a course dropout.
Similarly, targets Success Exam 1 and Success Exam 2, respectively, indicate whether the
student passed the exam at the first/second call or not. Target Grade indicates the exam
grade A, B, or C (valid only for the students who passed the exam).

4.1.5. Configuration Settings

The system allows end-users to specify the desired configuration settings. The specifi-
cations include: (i) a target type, which discriminates between different ML model types (i.e.,
regression for continuous targets, classification for binary/categorical ones); (ii) a feature
categorization, which partitions the feature set in the VCS usage dataset into homogeneous
groups according to their semantic meaning; (iii) a timeline, which indicates for each fea-
ture the time stamp at which it takes value in the dataset records; and (iv) the algorithm
parameters.

4.2. Feature Selection

The VCS-based features are automatically evaluated and filtered prior to ML training
according to their correlation with the selected target.

VESPE integrates a variety of feature selection algorithms available in the the Scikit-
Learn library [23], including (i) the unsupervised methods based on the Pearson’s cor-
relation (Prs) and Spearman’s rank coefficient (Spr) and (ii) the supervised approaches
based on statistical methods, i.e., ANOVA correlation coefficient (Anv), Chi-Squared (Chi2),
Mutual Information (MI), and recursive feature elimination, i.e., RFE, RFECV.

4.3. Classification Algorithms

We train classification models representative of various families of algorithms such
as ensemble methods, decision tree classifiers, SVM classifiers, and Bayesian models.
VESPE integrates the implementations provided by the Scikit-Learn library [23]. A detailed
descriptions of the VESPE architecture is given in [22].

4.4. Model Explanation

VESPE adopts the SHAP library to visualize the global explanations [9]. The graphical
interface allows end-users to quickly access a summarized view of results. A detailed
description of the interface can be found in [22].
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5. Experimental Results

All experiments were run on a machine with 1.8 GHz Intel® (Santa Clara, CA, USA)
Core® i5, 8 GB of RAM and running macOS High Sierra. We aim to explore the following
research directions:

1. Estimate when the exam success rate becomes predictable and identify the most
discriminating VCS-based features.

2. Assess the predictability of class dropouts.
3. Analyze the impact of laboratory attendance on exam grades.
4. Study the correlation between exam success and previous exam attempts.

5.1. Evaluation Metrics

We evaluate the performance of the classification algorithms using the standard
precision, recall, and F1-Score metrics [20]. Since we are mainly interested in evaluating
classifiers’ performance on the minority classes (e.g., course dropouts or exam failures),
we also consider the Balanced Accuracy, defined by the percentage of correctly classified
students weighted by per-class frequencies [24].

5.2. When Does the Exam Success Rate Become Predictable?

Figure 2 shows the variation in the performance metrics over time. Notably, the quality
of the predictions is fairly high even at the early course stages. This indicates that the
attendance to the first laboratories is already discriminating for predicting exam success.

Figure 2. Time dependence of the early predictions for class Pass.

Figure 3 graphically shows the contribution of each Lab feature to the classifier pre-
dictions. Feature Done#Lab1 turns out to be the most discriminating one. It indicates that
students who attended the first laboratory are likely pass the exam (see Figure 3a). Similar
results hold for the target Success Exam 1 (see Figure 3b).

The second most important feature is Done#Lab2, indicating that the attendance to
the second laboratory is beneficial as well. Dropout#Lab2 has also an important role. The
reason is that Dropout#Lab2 is implicitly related to the student participation in Lab1, which
appeared to be the most discriminating feature (Done#Lab1).

Since most of the previous findings pointed out that the first labs were the most
significant and the results had shown that the prediction quality was good already after
the second lab, we chose to analyze the impact of the features at this time point as well
(Figure 4a). The most significant features are related to the commit quality: the higher the
number of passed tests (especially in the first lab), the higher the likelihood of passing the
exam. The feature types Submitted labs, Commit frequency, and Commit count still have a
positive impact on the prediction.
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(a) Class Pass (b) Class Pass Exam 1
Figure 3. Explanations for class Pass and Pass Exam 1.

(a) Class Pass (b) Class Pass Exam 1
Figure 4. Explanations of Pass and Pass Exam 1. Models trained after the second laboratory.

We can conclude that in the instant of time after the second lab, when only features
derivable from the first two labs are used, ML predictions mainly rely on the quality of
the student’s work. Hence, by identifying students who completed the first two labs and
passed the tests, we can accurately identify the students who are likely to pass the exam.
Conversely, at the end of all labs, doing the first labs remains significant but it seems also
important to add activity on some of the remaining labs.

Figure 5 compares two examples of students after laboratory 2, i.e., an at-risk student
and an highly engaged one. The former one submitted just the solution of the first labo-
ratory and failed to pass several tests, whereas the latter passed most of the tests related
to the first two laboratories. The teacher can early detect the risky situations and actively
involve at-risk students accordingly.

at-risk:

pass:

Figure 5. Force plot after lab 2 for two representative students, at-risk and pass, respectively. GNB
classifier.

5.3. Predictability of Class Dropout

A Dropout student is deemed as critical because she/he has never attended any course
exam. The early identification of these students is particularly useful for optimizing a
critical parameter for universities, i.e., the on-time graduation rate.

Figure 6 shows that classifier performance is good well before the end of the course. It
increases over time while reaching a steady state after the third course laboratory (when
class dropouts become very unlikely).

Figure 7 reports the visual explanations associated with the aforesaid ML models.
The main VCS-based features turned out to be negatively correlated with the classifier
outcomes. A dropout at labs 2 and 3 (Dropout#Lab2, Dropout#Lab3) negatively affected
the prediction. The student has completed at least one lab and it is a sufficient condition

12



Computers 2024, 13, 150

to not be marked as Dropout student in this case study. We can conclude that a student
is primarily marked as a dropout when either she/he has not attended any laboratory or
she/he attended only the first laboratory with little effort. Figure 8 shows an example of a
student classified as Dropout because she/he did not attend the first two laboratories.

Figure 6. Early prediction of class Dropout based on incomplete feature sets (Dynamic ML). MLP
classifier.

Figure 7. Summary bar plot for class Dropout. MLP classifier.

Dropout:

Figure 8. Force plot of a dropout student after laboratory 3. MLP classifier.

5.4. Correlation between Exam Success and Previous Exam Attempts

Classifier performance on classes Grade and Grade Exam 1 was fairly low (see Table 3).
Unlike exam success and course dropout, VCS-based features have shown to be not very
discriminating for the aforesaid targets.

Table 3. Classification performance for class Grade Exam 1.

Features Alg.
Class Grade C Class Grade B Class Grade A Avg Scores

Pr Rc F1 Ab Pr Rc F1 Ab Pr Rc F1 Ab F1 Ab

Commit count GP 1.00 0.40 0.56 0.70 0.95 0.34 0.49 0.66 0.56 0.98 0.72 0.67 0.59 0.68

Commit quality SVM 1.00 0.42 0.59 0.71 0.74 0.54 0.59 0.69 0.62 0.86 0.72 0.71 0.63 0.70

Commit frequency LGR 1.00 0.45 0.61 0.72 0.63 0.54 0.58 0.66 0.62 0.80 0.70 0.69 0.63 0.69

Active days DT 0.54 0.57 0.55 0.74 0.61 0.60 0.60 0.67 0.63 0.62 0.63 0.66 0.53 0.69

Submitted labs GP 1.00 0.50 0.66 0.75 0.75 0.35 0.47 0.63 0.57 0.91 0.70 0.67 0.61 0.68

Dropout labs KN 0.76 0.62 0.59 0.75 0.63 0.69 0.58 0.66 0.83 0.46 0.53 0.65 0.57 0.69

Lab MLP 0.78 0.48 0.57 0.72 0.63 0.59 0.60 0.67 0.63 0.73 0.67 0.68 0.61 0.69

Lab with feature selection MLP 0.78 0.48 0.57 0.72 0.63 0.59 0.60 0.67 0.63 0.73 0.67 0.68 0.61 0.69
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Figure 9 shows the visual explanations related to the Grade class. Grade explanations
are quite diversified. Class Grade A consists of highly engaged students in terms not only
of attendance (e.g., of laboratory 3) but also of notified errors (e.g., in laboratory 4). In fact,
learning by doing (i.e., trial and error) is known to be beneficial for beginner programmers.

Class Grade B encompass students who either completed at least the first three lab-
oratory or completed all the activities of the last laboratories but with a limited number
of commits. Finally, class Grade C includes students who neither completed the first nor
the last laboratories. Importantly, submissions to lab 5 only are not sufficient to achieve a
better grade.

(a) Grade A (b) Grade B (c) Grade C
Figure 9. Explanations for class Grade. GNB classifier.

Figure 10 shows the visual explanations for the Grade Exam 1 class. Class Grade
A Exam 1 is composed of students who have been active for most of the laboratories,
especially those who have completed labs 1, 3, and 4 (Done#Lab1, Done#Lab3, Done#Lab4
have a positive impact); this class includes also the students who have been active for a
significant number of days in labs 1 and 5 (ActiveDays#Lab1, ActiveDays#Lab5). Although
Done#Lab2 is not present among the most significant features, students in this class have
completed a significant activity in this lab (number of errors before the correct solution
—Error#Lab1— has a positive impact, and number of failed tests —Passed#Lab2— also has
a positive impact). Hence, we can conclude that having completed lab 2 is not a sufficient
condition to obtain a high grade, but putting a strong effort into it is likely paying off.

(a) Grade A Exam 1 (b) Grade B Exam 1 (c) Grade C Exam 1
Figure 10. Explanations for class Grade in Exam 1. MLP classifier.

The main behavioral difference between the students who belong to class Grade A
Exam 1 and those who belong to class Grade B Exam 1 is that the latter puts more effort
into lab 3 activities (Passed#Lab3, tActiveDays#Lab3, CommitCount#Lab3, CommitsPer-
Day#Lab3 has a positive impact), put less effort in lab 2 and did not do lab 4 (Done#Lab4
has a negative impact). Conversely, for class Grade A, the effort seems more constant
during all labs.

Finally, the most significant feature associated with the class Grade C Exam 1 is the
dropout from the third laboratory onward (Dropout-#Lab3). Coherently, the features
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Done#Lab5, Error#Lab3 and Passed#Lab3 indicate that the activities carried out in the third
and fifth lab have a negative impact. Students who were not or less active from the second
half of the course onward were therefore classified as Grade C Exam 1.

5.5. Correlation between Exam Success and Previous Exam Attempts

We also study the predictability of the exam performance from the second attempt
on. Exam success has shown to be not correlated with the number of previous attempts.
Conversely, the combination of previous exam attempts and laboratory attendance is
discriminating, confirming the significance of the previously results.

6. Conclusions and Future Works

In this work, we explored the time-dependent interactions between the students
of an Object-Oriented Programming course and the Version Control Systems used to
accomplish lab activities. It applied Machine Learning models on a dataset collecting
various behavioral and cognitive descriptors of the students’ activities in order to forecast
students’ performance.

According to the results, we recommend the following actions:

• To early prevent exam failures, teachers are recommended to alert the students who
are not active in the first two/three laboratories.

• To prevent student dropout, teachers can encourage student attendance to the very
first laboratories in order to learn the necessary fundamentals.

• Students who achieved medium or low grades are likely to have attended only part
of the scheduled laboratories. Hence, teachers should push students to attend all the
laboratories with a view to the upcoming exam.

• To obtain the highest grade (A), it is necessary to persist in the activities on the VCS for
the entire course duration to obtain a high grade. Hence, teachers should encourage
students who pursue higher grades to complete all the assignments.

• Including in the ML model the knowledge about the previous exam attempts can be
beneficial, but only in combination with other VCS-based features.

As future work, we plan to extend our study firstly to other courses in the area of
computer science and then to other disciplines. Furthermore, we aim to tightly integrate
the AI technologies described in this paper in the official platforms used in our university
in order to simplify the technology and allow teachers to perform deeper analysis.
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Abstract: Pedagogic Conversational Agents (PCAs) are interactive systems that engage the student
in a dialogue to teach some domain. They can have the roles of a teacher, student, or companion,
and adopt several shapes. In our previous work, a significant increase of students’ performance
when learning programming was found when using PCAs in the teacher role. However, it is not
common to find PCAs used in classrooms. In this paper, it is explored whether pre-service teachers
would accept PCAs to teach programming better if they were co-designed with them. Pre-service
teachers are chosen because they are still in training, so they can be taught what PCAs are and how
this technology could be helpful. Moreover, pre-service teachers can choose whether they integrate
PCAs in the teaching activities that they carry out as part of their degree’s course. An experiment
with 35 pre-service primary education teachers was carried out during the 2021/2022 academic year
to co-design a robotic PCA to teach programming. The experience validates the idea that involving
pre-service teachers in the design of a PCA facilitates their involvement to integrate this technology
in their classrooms. In total, 97% of the pre-service teachers that stated in a survey that they believed
robot PCA could help children to learn programming, and 80% answered that they would like to use
them in their classrooms.

Keywords: basic education; computer programming; higher education; scientific information;
online systems

1. Introduction

Pedagogic Conversational Agents (PCAs) can be defined as “lifelike autonomous
characters that cohabite the learning environment creating a rich interface face-to-face
with student” [1]. Agents can ask students via voice, chat, gestures, or with touch panel
screens [2], and students can answer using any of these communication modes. More-
over, agents can be software and cohabitate an educational application, or they can be
autonomous robots (hardware) to create communication experiences with the student as
close to natural as possible.

Agents, both software and hardware, can have multiple shapes, such as having
a human body, being animals, characters, or robots. They can also have several roles
in their interaction with the students [3]: teachers, who are the source of knowledge;
students, who need to be taught by the students, called Teachable Agents; and, companions,
who serve as peer students for emotional support, called Pedagogic Agent as Learning
Companions (PALs).

Some benefits that have been published regarding the use of PCAs are the following:
the Persona effect [4], according to which the presence of the agent has a positive influence
in the students’ perception of their learning experience; the Proteus effect [5], according
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to which students want to become like their agents and this is a source of motivation to
interact more with them; and, the Protégé effect [6] (only for Teachable Agents), according
to which students make greater efforts to teach their agents than to learn themselves.

A recent systematic review on the topic can be found in [7]. According to this review,
and despite the multiple benefits of using PCAs for education that have been published,
agents are still not able to communicate fluently in our natural way of communicating. We
believe that this problem could be overcome by taking advantage of non-verbal commu-
nication by using gestures, in the case of PCAs, focusing on a certain domain instead of
trying a general dialogue. Moreover, to take advantage of the Persona and Proteus Effect,
Ocaña et al. [8] devised a companion agent, called Alcody.

Alcody‘s domain was knowing how to program with basic concepts such as inputs/
outputs, conditionals, and loops in p-code with the agent. Learning how to program at
an early age seems to have multiple benefits such as the development of computational
thinking [9,10] and other cognitive skills [11,12]. However, it is still a young research topic
that needs more studies to find out which methodologies and technologies could be used,
given the lack of children’s abstract thinking abilities and the complexity of the concepts to
be taught [13,14].

To the best of our knowledge, Alcody was the first PCA that was used to teach
programming to children as a learning companion. Having a learning companion seems
to help children to make the learning more tangible and adaptable to their needs as a
significant increase of their learning was registered as well as high satisfaction levels [15].
However, the use of PCAs to teach programming in primary education has not been
integrated in classrooms. It is our research questions that will investigate whether teachers
would like to use PCAs to teach programming in their primary education classrooms and
find it useful if they were involved in the creation of such technology, and how pre-service
teachers would like the PCA to function. Working teachers seem to ignore what PCAs
are; thus, upon the experience of Alcody and teaching programming to children, in this
paper, we present a co-design experience with pre-service teachers to create a PCA to teach
programming to children with them as they are preparing to become teachers and are eager
to have more teaching resources. Pre-service teachers were asked to fill in a questionnaire
to find out whether they would use PCAs in their classroom once they know what PCAs
are and have been involved in their creation. In total, 97% of these pre-service teachers
answered that they believed that the PCA could help children to learn programming, and
80% answered that they would like to use them in their classrooms. The resulting prototype
of a PCA to teach programming in primary education is shared in this paper for any other
pre-service teacher that would like to use it.

This paper is organized into six sections: Section 2 reviews the related work including
PCAs, teaching programming in primary education, and outlines the training of pre-service
teachers. Section 3 describes the materials and methods of the experiment carried out.
Section 4 provides the results. Section 5 discusses the answers to our research questions.
Finally, Section 6 ends this paper with the main conclusions and lines of future work.

2. Related Work

2.1. Pedagogic Conversational Agents

Pedagogic Conversational Agents (PCAs) can be defined as a software that can interact
with a student in a natural language (Johnson et al., 2000). Some simple examples are Alexa
of Amazon, Siri of Apple, or ChatGPT regarding the AI for education [16].

PCAs in the educational domain have been investigated since 2000 [17], including
certain intelligence in the dialogue and social support [18]. Some samples include Doroty,
for teaching Computer Science [19]; AutoTutor, for teaching Operating Systems [20]; or
Betty, for teaching Natural Science [21]. The results achieved have been promising in these
school domains. More samples can be found in [3].
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Autotutor is a sample of a PCA in the role of a teacher. It has been studied for decades.
Originally, spoken and written dialogue to teach Computer Science at the university level
has been combined with gestures and even a simulation of breathing to make it more real.

In some cases, the dialogue is guided by the PCA, which makes the questions and
awaits the student’s answer. In case it is correct, the agent congratulates the student and
moves to the next question. But, if the answer is incorrect, the agent explains to the student
why, and it teaches the concept until the student understands the correct answer.

AutoTutor is one of the most complex and sophisticated PCAs that exists in the
literature that adopts the role of the teacher, i.e., the holder of the knowledge who transmits
it to the student. However, it is not the only role for PCAs, as it has been proposed that
learning could be more successful if the PCA might play the role of a student. In this case,
the agent does not have any information. Thus, it does not ask questions to check whether
the student can answer correctly and provides feedback in accordance. On the other hand,
the agent asks questions to learn, as in the case of Betty [21].

Given that the agents that serve as students lack any knowledge, it is necessary to
introduce another agent that checks whether the information provided by the student is
correct. In this case, this agent is called Mr. Davis.

It is also possible that the goal of the PCA is neither to teach nor to learn from the
student, but to serve as an emotional companion. In this case, the dialogue of the PCA does
not start with a question such in the case of AutoTutor to check the student’s knowledge.
The dialogue of the PCA does not include quizzes to check whether the agent is learning
from the student, such in the case of Betty. The dialogue starts with some kind of emotional
sentence to support the student. For instance, the PCA could ask the student how s/he
is and, depending on the answer, provide some recommendation. If the student is tired
or sad, the PCA might recommend listening to a song before starting the study session so
that it is more productive. The emotional PCA could also be helpful in the case that, after
experiencing problems, the student declares that s/he is unable to solve the exercises, and
it seems advisable to offer some support to make the student understand that, sometimes,
problems look very difficult at first sight, but it is possible to improve with practice [3].

However, despite the good results reported in the literature, it is uncommon to find
PCAs in use in classrooms. The reason for this has been investigated and it was found that
the root is the lack of knowledge of this technology by the teachers or that the teachers
dislike it because it does not follow the design principles which they are fond of (even in
the case that they know the technology). A survey of 82 teachers (52.4% male; 47.6% female)
with 24 questions regarding their knowledge of PCAs, how they would like PCAs in terms
of friendliness, gestures with face/body, how to motivate and give advice to students, how
to indicate that the student has made a mistake, and if the agent should remember the
students’ previous choices, and the most advisable frequency of use of the agent by the
students [22].

The results of the survey revealed that no teacher knew about PCAs, although 78% of
them used a computer as a support for their work by looking for information. This lack of
knowledge required to show them several images of PCAs so that they could complete the
survey. Once they understood the educational technology, they highlighted that using a
PCA should be friendly, able to provide advice to the students, encourage the students to
keep studying, and indicate whether the students had made mistakes. The combination of
these features would motivate teachers to use PCAs in classrooms, once they were familiar
with this educational technology [22].

However, to our knowledge, no survey has been carried out to explore if these fea-
tures were the same teachers would expect in the specific case of a PCA aimed to teach
programming in their primary education classrooms.

2.2. Teaching Programming in Primary Education

The idea of teaching programming in primary education is not new. In fact, it dates
back to the 1980s, with Papert’s work with LOGO [23]. Papert believed that, in order
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to teach programming to children, children need to build an object to think, following a
constructionism pedagogy [24]. In the LOGO environment, the student interacted with a
turtle, which responded to her/his commands as if they were talking. Children must also
learn that there is more than one correct solution, but they should test different possibilities
until one of them works (i.e., the expected output of the program) [25].

Since then, there have been times when the research of teaching programming has
been stopped by the lack of training of teachers and the complexity of the domain. How-
ever, in recent decades, the research has resurged from different approaches, such as
using multimedia software to program using blocks with the Scratch language with world-
wide interest [26]; the use of robots [12]; and the unplugged exercises without using
technology [27].

According to the survey carried out by [12], it was commonly agreed upon that
primary education students should learn programming skills with a program such as
Scratch. It combines the construction idea to learn by creating a program, with gamification,
as the program is usually a game which motivates the users [28].

The idea is to imagine the program, create it, and share it with other people. The goal
of the program can be to create a story, or to animate a character or a game, among other
possibilities. The instructions are blocks that must be dragged and plugged together like a
puzzle. Executing the program controls the movements, or other actions, of (for example) a
cat, as shown in Figure 1, which illustrates a basic program to say Hello. Once the “say
hello” instruction is executed, the cat in the right window outputs the sentence “Hello”.

Figure 1. A basic program in Scratch to say “Hello”.

Scratch has many tutorials to guide students and teachers. A debugging project was
also carried out to help students when the program does not work [29]. However, it has
limitations as students are required to have some device to run Scratch, and the execution
of the program is always on the device. Therefore, other alternatives have been devised,
such as using visual programming languages control robots like LEGO Mindstorms [30] or
unplugged approaches [27] with games such as moving the students or objects around the
class according to the execution of the program or writing programs on paper. Recently,
the use of Pedagogic Conversational Agents to teach programming to primary education
students with the companion role [15] and emotional support [31] has also been explored.
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Jeppy [32] and Alcody [8] are a few of the PCAs that have been reviewed in the
literature to teach programming. Jeppy is an emotional PCA shaped as a dog that gestures
to help to correct syntax mistakes. Jeppy gives advice and affective messages to guide
students to solve the exercises following a constructivist approach. Figure 2 shows several
of Jeppy’s gestures.

Figure 2. Some gestures of the PCA Jeppy to teach programming.

In an experiment carried out with novice programming students, it was found out
that 66.7% of the students used Jeppy’s advice to find the solution and 41.5% found the
messages given by Jeppy clear and useful.

Alcody is an emotional learning companion to teach p-code to children following
both a constructionism approach [23] and gamification [33]. It is an emotional learning
companion because its goal is not to teach, unlike AutoTutor (see Section 2.1), or to learn
from the student unlike Betty (see Section 2.2). Instead, the goal is to stay on the screen
accompanying the learning scenario. It follows the idea of being a support to the student
by talking to the student and providing emotional recommendations to reach the optimum
mental state to program. Moreover, Alcody has some games to motivate students to keep
programming and to win medals. Figure 3 shows an image of the Alcody agent.

Figure 3. A snapshot of the Alcody emotional learning companion to teach p-code.
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As shown in Figure 3 Alcody includes several tutorials to teach students how to
program inputs/outputs, conditionals, and loops concepts. Moreover, it offers activities
in which students must solve programming exercises such as calculating the factorial of
a number given, recipes to play cooking as programming, and medals as students keep
completing activities with Alcody [8,31].

2.3. Training of Pre-Service Teachers

How to integrate technology into pre-service science teachers’ pedagogical content
knowledge is a relevant issue in the literature [34]. Pre-service teachers need to learn both
the didactics of the topic and the resources available to teach it, including technological
resources that, in some cases, are seen as more complex to implement, even when teachers
believe they are important for an effective teaching [35]. To find out what impedes the
integration of technology in their teaching is essential for pre-service teachers, particularly
as they will become the future teachers [36]. Moreover, pre-service teachers should graduate
with the skills to seamlessly integrate technology to advance student learning [37], and
they should be asked for their opinions [38–41].

Some researchers have identified several types of barriers into the adoption of technol-
ogy, both by pre-service and in-service teachers. They can be classified according to the
origin of the problem to impede the adoption of the technology as follows [42]:

• First-order barriers: they are related to external causes such as lack of devices, Internet
connectivity, or software. Teachers may wonder whether they have enough comput-
ers, tablets, if the Internet connection is stable, and if the software is going to work
without failures.

• Second-order barriers: they are related to internal fears such as lack of knowledge,
digital competence, organizational, or pedagogical concerns. Teachers may wonder
how they can have enough confidence to try something new, how the software works,
where or when they should use technology, and how to ensure that students obtain
adequate computer time without missing other important content and attending to
their curricular demands.

Although not all teachers may face all of these barriers, the literature suggests
that any one of these barriers alone can impede the integration of technology in their
classrooms [43–45]. A solution for pre-service teachers would be to focus on acquiring
technical skills during their training to address first-order barriers, as well as acquiring
strategies and following recommendations to address second-order barriers [42].

3. Materials and Methods

This research has been approved by the URJC Ethical Committee with ID 19012022202722.

3.1. Research Questions

RQ1.Would pre-service teachers use PCAs to teach programming in their primary educa-
tion classrooms if they were personally involved in creating such technology?

RQ2. How would pre-service teachers like the PCA to teach programming in primary
education?

3.2. Sample

In total, 44 pre-service teachers from the Universidad Rey Juan Carlos were recruited
with the motivation of helping in the co-design of a technology to teach programming
in primary education (18 to 25 years of age, 70% female, 30% male). Participation in this
study was voluntary and anonymous. Pre-service teachers were chosen because they are
training to become future teachers, they are trained in didactics and PCA and the profile of
primary education students, and are interested in learning new resources and technologies
to improve their future teaching. These pre-service teachers also had experience in school
contexts, as a part of their training is to assist working teachers in schools. As reviewed in
Section 2.3, research with pre-service teachers is highly relevant in the literature.
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Moreover, 43.2% of these pre-service teachers indicated that their digital competence
ranged between medium and high, as they are used to working with smartphones, comput-
ers, and tablets (98% used their smartphones daily, 70% used their computers daily, 63.6%
used their tablets daily).

Furthermore, 70% of them claimed to have used applications to learn programming
before the course, as the teaching Scratch is common in secondary education in Spain before
entering university. However, 91% of these pre-service teachers pointed out that they have
never used an educational PCA before. This is why it was necessary to explain the concept
of an educational PCA to them before asking about how they would like to design such
educational technology to teach programming and the possible features of it that could
be customized.

3.3. Materials and Procedure

To answer the research questions, two questionnaires were created for a sample of
pre-service teachers.

The initial questionnaire can be found on-line at the following link: http://tinyurl.
com/369v3zu2 (last accessed date 23 February 2024). It starts with some general demo-
graphic questions, such as age, gender, occupation, level of experience with technology,
which technologies they use, and the frequency and purpose of use, to focus on which
applications and apps they know for learning programming, and their knowledge of PCAs.
Given that it was expected, the questioned pre-service teachers did not have any previous
knowledge of PCAs for teaching programming; they watched a video of a sample PCA
for familiarization, and were then able to answer the questions. Participants filled in the
questionnaire anonymously and voluntarily in February.

After that introduction, they learnt how to teach programming to children for two
months. Meanwhile, the prototype was being implemented as requested in the initial
questionnaire. In April, pre-service teachers were shown the second final prototype, and
they were asked to fill in a final questionnaire to find out their opinions of the result-
ing PCAs and whether they would like to use it to teach programming. Moreover, they
were asked to evaluate the final prototype with questions regarding each screen and
the navigation between screens. Pre-service teachers were given the opportunity to ex-
press any comment they would like to share with the researchers in a final open-ended
Q&A session.

4. Results

4.1. Initial Questionnaire

The analysis of the data gathered in the initial questionnaire reveals a lack of clear
consensus among pre-service teachers regarding which device would be the most adequate
for using a PCA, as shown in Figure 4. Tablets emerged as the most voted option.

In total, 75% of the pre-service teachers asked for a how-to guide to learn how to use a
PCA. Moreover, 63.6% of these pre-service teachers requested to be able to manage several
classes and 59.1% indicated that primary education students usually work in teams of two
to four kids; 70.5% of these pre-service teachers claimed that it would be of great help
to have some students’ tracking progress, including at least some information about the
number of correct and wrong answers, and the time needed per question.

Figure 5 shows the elements that are considered helpful when creating activities for
the PCA to teach programming.

Figure 6 shows the elements that should be customizable.
Regarding the language, most of the participants answered that the PCA should use

simple, short, and direct sentences in the students’ mother language with an informal, kind,
and friendly tone. The vocabulary should be easy for the students to understand. Also,
65.9% of the participants asked for the use of metaphors to teach programming, as can be
seen in Figure 7, and 63.6% of the participants considered that images should be presented
with descriptive text.
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Figure 4. Technology to run the PCA aimed to teach programming.

Figure 5. Useful elements to create activities in the PCA.

Figure 6. Customizable elements.
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Additionally, 45.5% of the participants considered that children who make mistakes
should be redirected towards the correct solution through clues, as shown in Figure 8.

Figure 7. How to introduce children to programming.

Figure 8. How to guide children towards the solution.

4.2. Prototype

The scenario indicated to the participants was a primary education classroom with
25 children paired in 2–4 groups. Each row of the classrooms had one PCA, as shown in
Figure 9. The PCA can work in “teacher mode” to create new activities or in “student
mode” to show the activities, so that students can start learning how to program. The
teacher can have either a tablet or a digital whiteboard to create the activities and see the
progress of the students. The advantage of a digital whiteboard is that teachers could show
how to solve an activity to all the students in case all, or a significant part, of them have
doubts and do not know how to continue interacting with the PCA.

On the other hand, using a tablet could be beneficial if the teacher would like to track
the progress of a given group, out of the sight of the rest of the class, given that the teacher
is the only one looking at the tablet.

Figure 10 shows the how-to guide to give to the teacher. It helps the teacher to follow
the steps to set up PCAs. For both modes (creating activities or doing activities, Figure 11),
the first step is to turn the digital whiteboard on and to open the digital PCA. Next, if
the teacher wants to create activities, the creation mode should be chosen to access the
authoring tool. In contrast, if the goal is to perform activities, one student per row is
responsible to turn their shared PCA robot on as well. The PCA robot has a Bluetooth
connection to the digital PCA in the whiteboard.

The first step for teachers is to create groups of students by pressing the “Groups” key,
as shown in Figure 12. Additionally, teachers can add, modify, and remove students to the
groups and also change each student’s info. Secondly, once the groups have been created,
teachers can create a variety of activities, as shown in Figure 13.
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Figure 9. Scenario to use the robot PCA in the classroom.

Figure 10. How-to guide for the teacher.

Figure 11. Main menu.
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Figure 12. Menu to manage students’ groups (the * indicates that the student has some info that the
teacher should read).

Figure 13. Creating activities with a PCA.

For each activity, teachers must choose the programming language (Scratch Jr or
Scratch) according to the age of the students. Then, they must indicate the concepts to be
learned: inputs/outputs, conditionals, or loops; the statement of the question, and some
possible solution (Figure 14); the level of the difficulty; and if there is any element to deal
with diversity. Once the teacher fills in the activity, any team can interact with the bot, as
shown in Figure 15. In this case, the team does not know how to program the activity, and
thus the PCA provides them with a sample which allows them to perform and solve the
activity.

Teachers can also see how many exercises students have passed in global view (all the
class) or per team. They can also set up the difficulty level of the activities; the language of
the PCA; the shape, both digital and physical; and whether the PCA will be displayed as a
teddy bear or robot.
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Figure 14. Possible solution for an activity.

 

 
Figure 15. Sample interaction between a team and a PCA.
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4.3. Validation Questionnaire

In total, 35 participants completed the questionnaire with 2 yes/no questions to
find out whether pre-service teachers believed that the PCA could help children to learn
programming and whether they would like to use it in their classrooms. In sum, 97% of
them believed that the robot PCA could help children to learn programming (Figure 16),
and 80% of the participants would like to use them in the classrooms (Figure 17).

Figure 16. Answers to the question if a PCA robot, like the one shown, can be used to teach
programming (NS/NC are the students who have not answered).

Figure 17. Answers to the question if the future teachers will have enough robots and if they would
use them in their lessons (NS/NC are the students who have not answered).

The questionnaire provided some more data:

• In total, 89% appreciated the how-to guide provided for the teacher (Figure 8).
• In total, 71% considered that the sample interaction between the PCA and the team

(Figure 16) fulfills their expectations. They also considered that the navigation between
screens is adequate.

Table 1 shows the evaluation of the screens on a scale from 1 (dislike) to 5 (like).

Table 1. Evaluation of the prototype screens on the Likert scale (from 1 (dislike) to 5 (like)).

Screen Figure(s) Value

Main menu 13 3.4
Groups 12 3.7

Activity creation 13 3.6
Students’ activities 15 4.2

Attending to diversity 11–15 4.2
Use of language 11–15 3.7

Intuitiveness 11–15 3.8
Friendliness 11–15 3.7
Ease of use 11–15 3.6

The questionnaire also contained the twelve Likert questions shown in Figure 18.
Figure 19 shows the set of bar diagrams for questions Q1 to Q12, indicating the frequency
of the answers given on a Likert scale (from 1 (dislike) to 5 (like)) for each of them. In
addition, the results obtained through the one-sample Wilcoxon signed-rank test comparing
the median of each individual item to the midpoint, 3.00, are marked with vertical marks.
All test results were significant at the p < 0.05 level, with a median of 4 for all questions,
except question 2, where the general median response was 3. This indicates that participants
perceived these questions as more likely than unlikely.
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Table 2 shows the main statistics (n, mean, median, standard deviation, and range)
for the 12 questions presented. As can be seen, the number of subjects is 35, and the
range (max/min) varies between 2 and 4 points; thus, there was a lot of disparity in the
responses. Both the mean and the median show values above 3, which is the midpoint on
the Likert scale. Furthermore, the standard deviation varies minimally, without reaching
the threshold, except in question Q10, whose value is 1.023.

Table 3 shows the value of tau_b Kendall to show the possible correlation between
each pair of questions (Q1 to Q12). Significant correlations at the 0.01 level are marked with
a double asterisk.

Figure 18. Likert questions in the validation questionnaire.

Figure 19. Cont.
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Figure 19. Cont.
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Figure 19. Bar diagrams for questions Q1 to Q12.

Table 2. Main statistics (1—mean; 2—median; 3—standard deviation; and 4—range) for the
12 questions presented.

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12

n 35 35 35 35 35 35 35 35 35 35 35 35

1 3.71 3.49 3.74 3.80 3.94 3.91 3.66 4.23 3.89 3.80 4.23 3.63

2 4.00 3.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00 4.00

3 0.789 0.742 0.780 0.797 0.906 0.919 0.802 0.808 0.718 1.023 0.877 0.910

4 3 3 3 3 4 4 3 2 3 4 3 4
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Table 3. Value of tau_b Kendall to show the possible correlation between each pair of questions
(Q1 to Q12).

Q1 Q2 Q3 Q4 Q5 Q6 Q7 Q8 Q9 Q10 Q11 Q12

1.000 0.125 0.000 0.114 0.173 0.283 0.312 0.032 0.337 0.085 0.330 0.468 **

0.125 1.000 0.414 ** 0.291 0.413 ** 0.443 ** 0.595 ** 0.486 ** 0.316 0.371 0.272 0.165

0.000 0.414 ** 1.000 0.327 0.496 ** 0.261 0.384 0.283 0.449 ** 0.250 −0.052 0.078

0.114 0.291 0.327 1.000 0.458 ** 0.385 0.294 0.435 ** 0.298 0.226 0.179 0.243

0.173 0.413 ** 0.496 ** 0.458 ** 1.000 0.686 ** 0.501 ** 0.544 ** 0.400 ** 0.019 0.175 0.215

0.283 0.443 ** 0.261 0.385 0.686 ** 1.000 0.682 ** 0.506 ** 0.532 ** 0.021 0.316 0.394 **

0.312 0.595 ** 0.384 0.294 0.501 ** 0.682 ** 1.000 0.474 ** 0.630 ** 0.189 0.278 0.308

0.032 0.486 ** 0.283 0.435 ** 0.544 ** 0.506 ** 0.474 ** 1.000 0.364 0.319 0.207 0.052

0.337 0.316 0.449 ** 0.298 0.400 ** 0.532 ** 0.630 ** 0.364 1.000 0.161 0.184 0.306

0.085 0.371 0.250 0.226 0.019 0.021 0.189 0.319 0.161 1.000 0.469 ** 0.097

0.330 0.272 −0.052 0.179 0.175 0.316 0.278 0.207 0.184 0.469 ** 1.000 0.275

0.468 ** 0.165 0.078 0.243 0.215 0.394 ** 0.308 0.052 0.306 0.097 0.275 1.000

Figure 20 shows the medians of the responses to questions Q1 to Q12 separated by
whether they answered “Yes” or “No” to the following question: “Do you think that the
use of a robot agent like the one used could help teach programming?” From the graph, it
can be seen that, in general, the subjects who answered “YES” to using the robot agent to
teach programming answered all the questions with the category “more likely”, with the
median being 4 in all cases, except in question Q2, whose median is 3. All the responses
were homogeneous. However, in the subjects who have answered that they would NOT
use the robot agent, there is a lot of disparity between the answers: they vary from question
Q1, whose median is 1 (dislike), with several cases of the median being 2 (Q1, Q2, and Q10),
and with the rest of responses having a median of 4 and even 5.

Figure 20. Relationship between Q1 through Q12 and the opinion of pre-service teachers regarding
the use of a PCA to teach programming.
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Finally, pre-service teachers were offered a chance of expressing any comments they
would like to share freely, and they provided the following answers:

• “I think that this approach to teach programming is appropriate and can help children
integrate technology in class and make them more enjoyable and didactic”.

• “I think it’s a great way to teach children, as it’s fun and entertaining at the same time”.
• “I find it very useful to make lessons more interactive and motivate children”.

Figure 21 shows a tag cloud to synthesize the text of the gathered answers. As can
be seen, “PCA” is one of the most used words, as well as “activity”, “teach”, “creating”,
“include”, “information”, “solve”, and “help”. Pre-service teachers, in general, considered
that screens are easy to use and intuitive for children to use. They asked for difficulty levels
to be considered and to allow children to have their own rhythm when interacting with
the PCA. Moreover, they indicated that some teachers may be afraid of using robots for
education and that they would need support from other teachers.

Figure 21. Tag cloud of the students’ answer.

5. Discussion

According to the answers in the questionnaire, the answer to RQ1—“Would pre-service
teachers use PCAs to teach programming in their primary education classrooms if they
were involved in the creation of such technology?”—would be affirmative. In total, 97% of
the survey’s respondents indicated that PCAs could help children to learn programming,
and 80% answered that they would like to use them in their classrooms in the future.

The answer to RQ2—“How pre-service teachers would like the PCA to teach pro-
gramming in primary education?”—is that it should be intuitive, friendly, easy to use, and
pay attention to diversity. Help should be provided both in the PCAs with tutorials and
templates, but also with documents serving as a guide for the teachers prone to the use
of PCAs. Teachers should have the possibility of creating activities for groups, managing
statistics, and configuring options. Students should complete activities and fill in forms
following a dialogue metaphor, in which each group is represented by an image. In gen-
eral, there are some recommendations for researchers and/or teachers that would like to
integrate the use of robot PCAs for teaching programming in classrooms:

1. It is necessary to provide a guide to help teachers in case they have doubts about
PCAs and the activities they utilize for teaching programming.

2. The associated applications to PCAs should allow teachers to manage several teams
(each team should have 2–4 students). The profile per student should at least include
his/her name, age, class, and progress. Progress should register, at least, the number
of activities performed correctly vs. incorrectly and the time needed to complete them.

3. When creating an activity for a PCA for teaching programming, it should include
examples of possible programming activities. A template provided to the teacher
should ensure that s/he knows which information should be provided, how the
activity is being presented to the students, which information is provided by the
student, and which information is provided by the PCA—as shown in Figures 16
and 17 of the proposed PCA.
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4. When creating an activity using the PCA for teaching programming, it should include
tutorials to solve doubts about how to complete all tasks. For instance, if the teacher
does not understand which information should be provided, help should be provided
to explain each term and what is expected in each form.

5. When creating an activity using the PCA for teaching programming, it should include
a preview of how to solve the selected activity. In the case that students do not
understand how to solve an activity, they could be assisted by a preview of how they
are expected to complete it, so that they are prepared to tackle it later by themselves.

6. There should be a setup menu to modify the difficulty level, language, and shape of
both the digital (the one in the tablet or digital whiteboard) and physical PCA (the
one used by students).

7. The PCA’s language should be adapted to the age of the students with short, sim-
ple, fun, nice, friendly, motivating, and respectful sentences, so that they can easily
understand it and are motivated to interact with it.

8. It is also advisable to use metaphors to teach programming concepts, aimed to facili-
tate children’s understanding.

9. If a team fails to solve a programming activity, the PCA could provide hints, sugges-
tions, and partial solutions to help in successfully completing the activity.

10. Multimodality can help children to understand various tasks. Thus, images should
always be accompanied by text to provide the same information in different channels.
Audio could be helpful if children could have/use earphones to avoid disturbing the
rest of the teams working in the same classroom at the same time.

These recommendations should be taken as an guide for anyone interested in using
PCAs to teach programming in primary education. This study was the first approach used
for finding out whether pre-service teachers would use PCAs to teach programming in their
primary education classrooms if they were involved in the creation of such technology. It
should be noted that more studies are needed with more pre-service and in-service teachers
to keep refining the design of such PCAs. Finally, more research about exploring the use of
PCAs in primary education classrooms for teaching programming [46,47] is required.

Furthermore, this research underscores the importance of user-driven designs in the
development of educational technologies. Pre-service teachers felt empowered by being
asked about how they would like a PCA to function. As result, teachers had a more per-
sonalized and pedagogically aligned tool, ensuring its relevance and effectiveness [46,47].
As in our case, the pre-service teachers were asked about configuring certain features of
the PCAs, and they found out that, by involving future teachers in the process of decision
making, educational technologists can ensure that these tools align with the needs of the
teaching community, and that this could welcome and extend their use to more primary
education classrooms.

However, these results are limited and preliminary as testing was carried out using a
small sample of pre-service teachers with a limited set of options for configuring the used
PCA. More studies are needed with a bigger sample of pre-service teachers and in-service
teachers, having more possibilities for configuring the PCA being used. This is relevant
research because it seems that giving teachers the freedom to choose how they would
like the educational technology to function is more helpful for them that not. Moreover,
with this approach, it seems that teachers adopt a better attitude towards the use of this
educational technology in their classrooms.

6. Conclusions

The use of PCAs can be helpful for teaching in general; in the case of teaching pro-
gramming to primary education students, the co-design with pre-service teachers seems to
be the motivator for integrating such technology into their classrooms. In total, 97% of the
survey’s respondents indicated that PCAs could help children to learn programming, and
80% answered that they would like to use them in their classrooms in the future.
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The analysis to the questions with the use of a Likert scale for finding out whether a
prototype co-designed with pre-service teachers would be liked by pre-service teachers
shows a significant likelihood of more than 3 points in most cases, as shown in Figure 17.
Moreover, when analyzing the answers to questions Q1–Q12—which are related to the
main research question of this study and regarding whether they would like to use a PCA
for teaching programming—pre-service teachers who answered that they liked the screens
of the prototype usually answered that they would like to use a PCA.

In conclusion, this paper contributes to the ongoing discourse on the use of conver-
sational agents in programming education by highlighting the importance of user-driven
design. Insights into the potential of conversational agents in shaping the future of pro-
gramming education, particularly through the lens of pre-service teachers’ perspectives, are
provided. More research is needed regarding the needs of the teaching community so that
primary education students can benefit from the possibilities that PCAs can bring to their
classrooms. A first step in this direction could be to compare the opinions of pre-service
teachers to the opinions of in-service teachers.
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Abstract: The rapid changes in digital technology have had a substantial influence on education,
resulting in the development of learning technologies (LTs) such as multimedia, computer-based
training, intelligent tutoring systems, serious games, social media, and pedagogical agents. Serious
games have demonstrated their effectiveness in several domains, while there is contradictory data on
their efficiency in modifying behavior and their possible disadvantages. Serious games are games
that are specifically created to fulfill a primary goal other than entertainment. The objective of our
study is to evaluate the effectiveness of a serious game designed for the self-assessment of students
concerning their knowledge of web technologies on students with an equivalent online quiz that
uses the same collection of questions. The primary hypotheses we stated were that those utilizing
the serious game would experience better results in terms of engagement, subjective experience,
and learning compared to those using the online quiz. To examine these research questions, the IMI
questionnaire, the total number of completed questions, and post-test grades were utilized to compare
the two groups, which consisted of 34 undergraduate students. Our findings indicate that the serious
game users did not have a better experience or better learning outcomes, but that they engaged
more, answering significantly more questions. Future steps include finding more participants and
extending the experimental period.

Keywords: serious game; online quiz; student’s assessment

1. Introduction

The rapid advancements in digital technology have a profound impact on education.
The introduction of the internet into our daily lives marked a transformative shift in the
way individuals interact with information [1]. Furthermore, numerous studies support
the fact that users have become increasingly attracted to social media platforms and
online gaming [2–8]. This development has prompted inquiries into the potential role of
technology in education and the possible effects of this integration.

As a result of the integration of technology into educational settings, the term learning
technologies (LTs) was created. According to Jan Elen and Geraldine Clarebout [9], learning
technology is defined as “a field of study and ample practices of mainly two different types:
technology for learning and technology of learning. Technology for learning pertains to the
use of technology during (the support of) learning processes. . . In line with the more general
meaning of ‘technology’ as the application of scientific insights to solve practical problems,
‘technology of learning’ relates to the question on how scientific findings with respect
to (supporting) learning can actually be used to support learning processes”. Learning
technologies comprise a combination of web tools, software applications, and mobile
technologies that merge the technological and pedagogical aspects of internet advances
and mobile devices [10]. Their purpose is to facilitate the entire learning process, including
its design, development, delivery, and management [11]. Among the technologies explored
for their integration into education are multimedia learning, computer-based training,
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intelligent tutoring systems, serious games, social media, and pedagogical agents [12].
In particular, Dabbagh et al. [13] identified five evolving models in the field of learning
technologies (LTs): Massive Open Online Courses (MOOCs), mobile learning, social media,
Augmented Reality (AR), and Game-Based Learning (GBL).

As the number of individuals with mobile phones and internet access continues to
rise, technology’s integration in educational settings has become more common, leading
to the expansion of distance and online learning [1,13]. A notable advantage of LTs is
their flexibility; that education can be delivered either synchronously or asynchronously.
Additionally, LT focuses on the use of personal, portable, and handheld devices, facilitating
learners’ convenient access to learning resources [14].

As previously mentioned, serious games are a type of learning technology. The term
“serious game” was introduced by Abt in his book “Serious Games”, published in 1970, in
which he characterized them as having an “explicit and carefully thought-out educational
purpose and are not intended to be played primarily for amusement” [15]. While Abt
originally referred to card and board games, serious games are now available in digital
formats. Therefore, serious games are widely defined as games designed to serve a primary
purpose beyond entertainment. The distinction between serious games and standard video
games centers around their objectives. Serious games are oriented towards acquiring
new knowledge, skills, or behavioral changes; while it is not mandatory for all serious
games to have the feature of fun in them, it is considered essential for players to immerse
themselves in the gaming experience [16]. Furthermore, there is disagreement regarding
the term “game” within the context of “serious games”, as it is associated with a voluntary
occupation of individuals. However, in the case of serious games, individuals may be
obligated to play the game, such as in a training scenario. Overall, although there is debate
about the term “serious game”, it has gained general acceptance [16–18].

Serious games are implemented in a wide variety of contexts and appear in fields such
as business, the military, education, well-being, cultural heritage, health care, and more [17].
Extensive study has been conducted on their effectiveness, with evidence supporting their
positive impact in various fields. Research demonstrates that serious games are effective in
enhancing learning, promoting desirable behaviors, and offering engaging experiences, as
well as providing assessment tools [19–23]. On certain occasions they are as effective as
their analog counterparts, such as when assessing emotional intelligence [23]. Nevertheless,
conflicting evidence exists regarding their effectiveness in generating behavioral change,
and negative reactions to competitive serious games have been recorded [19,24]. Moreover,
potential drawbacks such as a lack of interest, negative perceptions towards gaming, and
limited computer or tablet proficiency have been identified. Thus, despite their significant
promise, the creation of successful and impactful serious games remains a challenging task.

In the context of self-regulation, studies indicate that serious games could positively
impact self-efficacy [25,26]. These serious games leverage effective design mechanisms,
including narrative contexts, feedback, avatars, simulations, goals, a variety of difficulty
levels, and social interactions [27]. It needs to be mentioned that they have shown pos-
itive results in health management, such as diabetes [28], heart failure [29], and asthma
self-management [30]. Furthermore, according to Roozeboom et al. [25], serious games
effectively measure generic learning features, fostering active, self-directed engagement
and contributing to self-assessment and self-regulated learning.

An example of a serious game used for self-evaluation is Serena Supergreen [31], a
point-and-click game designed for adolescents, especially girls. It aims to enhance their self-
evaluation of technical competence through a problem-solving approach. Two evaluations
were conducted. In the first one, 54 students from two German secondary schools, aged
13 to 15, participated by playing the game for two school hours, resulting in a positive
impact on players’ self-evaluations of their competence, but only when assessed through
a specific perceived technical competence measure. However, there were no changes in
the self-concept of their technical abilities after playing the game. The short version of
the game also did not significantly impact their intrinsic motivation towards technical
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tasks, although it did show positive changes in task interest. In the second evaluation,
39 students (mean age 15.13) at a German secondary school played the complete version of
the game (180 h). The results indicated that the game positively influenced their perceived
technical competence, self-concept of their technical abilities, and intrinsic motivation
towards technical tasks. In summary, the results of this game’s evaluations indicate that
the game increases players’ perceived technical competence, self-concept of their technical
ability, and intrinsic motivation with respect to technical tasks. Moreover, the feedback
strategies within the game are highlighted as contributing to the positive effects on the
players’ self-evaluations of their competence.

In the context of software development, the use of serious games to teach software
engineering has gained attention, indicating that real-world activities may include game
design elements [32]. While further research is required, there is evidence to support the
integration of serious games into software engineering education as a valuable adjunct to
conventional teaching approaches [33]. In addition, serious games have gained specific
interest in the learning of programming languages, indicating a growing trend in utilizing
serious games for educational purposes [34]. Within this domain, serious games have
gained attention as complementary tools to traditional teaching methods, with a focus on
enhancing learning experiences and engagement [35].

The application of serious games in learning programming presents a promising
approach to engaging students, incorporating motivation and enhancing the overall en-
tertainment value of the learning process [36]. Specifically designed to facilitate a deep
understanding of programming concepts and languages, these games offer an alternative
and engaging way for learners to immerse themselves in simulations or experiments within
the field of computer science [34]. Some examples of these serious games are ProBot [37] and
Py-rate Adventures [36]. ProBot is a digital game designed to reinforce and improve students’
abilities in terms of sequencing, defined iteration, and nesting. The game follows a problem-
solving approach and implements a score-comparing mechanism to encourage students
to analyze their solutions and seek better ones. The evaluation of this serious game, in
which 123 engineering university students from Colombia University, aged 16-18 years old,
participated as part of their core course “Programming fundamentals”, demonstrated its
effectiveness in enhancing the students’ understanding of programming concepts. On the
other hand, Py-rate Adventures is a 2D platform game designed to teach basic programming
concepts using Python, aiming to engage and educate players with no prior programming
knowledge. An evaluation, conducted with 31 graduates and postgraduate students of
an Interdepartmental Programme of Postgraduate Studies in Information Systems with
different bachelor degrees (economics, business administration, informatics, etc.), yielded
positive results in terms of player experience and short-term learning. In summary, the
increasing interest in and diverse applications of serious games in software development
underscore their potential as engaging tools for teaching programming, offering a promis-
ing avenue by which to enhance learning experiences and foster student engagement.

The aim of our study is to assess the effectiveness of a serious game designed for the
self-assessment of undergraduate students concerning their knowledge of web technologies,
in comparison to a similar online quiz that utilizes the same set of questions. The main
hypotheses we proposed were that those using the serious game would obtain greater
results in terms of engagement, subjective experience, and learning, as opposed to those
using the online quiz. In order to investigate these research questions, the IMI questionnaire,
the overall number of answered questions, and post-test scores were employed to compare
the two groups, which comprised 34 undergraduate students. Our data suggest that the
users of serious games did not have an enhanced subjective experience or achieve better
learning outcomes. However, they did exhibit higher levels of engagement by responding
to a much larger number of questions in comparison to the users of the learning platform.

The current paper is organized in the following way: Section 2 outlines the specific
Materials and Methods employed in our experiment. It discusses the presentation of the
serious game “Friend Me”, the similar online quiz, the research goals of the study, the
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tools used for measurements (questionnaires and tests), and the experimental technique
that was followed. Section 3 provides an examination of the data and the outcomes of the
evaluation. Section 4 comprises an in-depth discussion and the conclusions of the findings
obtained in our experiment. Section 5 addresses the constraints of our investigation and
outlines our forthcoming actions.

2. Research Goals, Materials, and Methods

This section presents the materials created and the procedure followed to test our
hypothesis that educational games with questions tend to be more engaging and have a
greater impact on academic performance than learning platform quizzes.

2.1. Research Goals

As stated before, the present study aims to compare users’ subjective experience,
engagement, and learning results by using either a learning platform, like Moodle, or by
using a serious game like “Friend Me”, to answer computer science questions.

Thus, the first research goal (RG1) of the paper is to explore the participants’ subjective
experience related to the main activity they performed, which involved answering multiple
questions either using online quizzes or a serious game. Their experience is measured in
multiple dimensions such as interest and enjoyment, perceived competence, effort and
value, and usefulness, among others. The hypothesis is that serious game users will have a
better experience than those using the online quiz.

The second research goal (RG2) of this article is to examine whether the participants
were more engaged while using the serious game compared to using the learning platform.
The hypothesis is that the serious game users will engage more compared to the online
quiz users.

The third research goal (RG3) of this paper is to establish the learning impact of the
serious game compared to the learning platform on participants’ academic performance.
The hypothesis is that the serious game users will perform better on the final test compared
to the online quiz users.

2.2. Participants

To test the hypotheses of our experiment, a total of 34 undergraduate computer science
students were included in the activity, all of whom were taking the same class about Virtual
Learning Environments (VLEs). This common course was elective for the students. The
participants’ ages ranged from 21 to 41 years old, with a mean age of 21.97 years, a median
age equal to 21, and a standard deviation of 3.49. Among the participants, 23.52% were
female and the remaining 76.47% were male. The participants were also asked about how
often they engaged in playing digital games.. The majority of them, 32.53%, play digital
games at least once per week. The remaining respondents consist of 2.94% who do not
engage in video gaming; 23.53% who play video games rarely, less than once a month;
20.59% who play video games on a monthly basis; and 20.59% who play video games
every day.

The participants were randomly separated into two groups. The experimental group
comprised 16 individuals, whereas the control group comprised 18 people. Neither group
had any prior exposure to the questions utilized in the main activity.

Prior to the experiment all participants were asked to sign a consent form.

2.3. Materials
2.3.1. The “Friend Me” Serious Game

“Friend Me” [38] is a serious game designed to facilitate the learning of any program-
ming language, either from scratch or through practice, making it particularly suitable
for novice programmers. This game was evaluated by undergraduate students from the
computer science department, and, after receiving their comments, a new version of the
game was created, incorporating improvements based on their feedback and introducing
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new features [39]. As a result, the game was assessed twice [38,39] by users with the same
profile as the target group of our experiment in terms of player experience, namely in the
areas of Usability, Confidence, Challenge, Satisfaction, Social Interaction, Fun, Focused
Attention, and Relevance, ensuring its quality and making it optimal for utilization, as it is
tailored to meet the specific requirements of the course.

The research described in this paper was conducted using the improved version of
the game. The current version of the game includes questions related to web development,
focusing on enhancing and practicing users’ Hyper Text Markup Language (HTML),
Cascading Style Sheets (CSS), and PHP knowledge.

It is designed to provide teachers the ability to effortlessly update its questions reg-
ularly, and it is easy to expand. The game is accessible through a web browser or down-
loadable via the Google Play Store, allowing players to choose their preferred platform.
However, a constant internet connection is necessary throughout gameplay.

The game employs various elements, including goal-setting, interactions, rewards,
and feedback, to engage learners and motivate them to persist in their learning journey.
Leveraging competition as a motivational factor, “Friend Me” encourages players to strive
to pursue exceptional performance. Each player has a personal account to monitor and
track their progress.

The game’s scenario revolves around a character attempting to make new friends in
a new school by assisting their classmates (non-players characters, NPCs), who number
fifteen. These classmates assign missions to the player, which are five unique missions that are
repeated. Each mission consists of a question—either theoretical or code-based—that should
be answered correctly to accomplish the mission. For those learning a programming language
from scratch, the game offers mini courses to cover fundamental programming concepts,
which were not used in our case as the students already had some basic knowledge.

Beyond answering the questions, players must explore and interact with the game’s
environment, transitioning from a question-and-answer format to a more immersive gam-
ing experience (Figure 1). The game contains three types of questions: multiple choice,
putting code blocks in the right order, and writing a code’s result. In each question, there
is a timer at the top-left part of the screen, set to one minute, challenging players answer
within the allocated time. Otherwise, their response is counted as a mistake. In addition,
the game displays a title at the top of the screen to indicate the question’s context.

In a multiple-choice type question (Figure 2a), users are presented with four possible
answers, with only one being correct. Upon selecting their answer, players receive immedi-
ate visual and sound feedback, confirming the accuracy of their response (Figure 2b,c). If
they make a mistake, the correct answer is not revealed.

In the putting-code-blocks-in-the-right-order type of question (Figure 3a), five blocks
are presented on the user’s screen, and only four are required, which players must arrange
in the correct order. Users can adjust the order until the final block is placed, at which point
the game provides visual and sound feedback, indicating correct and incorrect placements
(Figure 3b). In the case of a wrong answer, the correct order is revealed (Figure 3c).

In the final question type (Figure 4a), writing the code’s result, users must accurately
write the output of the code as it would appear when executed. After submitting their
answer by clicking the “Done” or “Unlock” button, visual and auditory feedback is pro-
vided without revealing the correct answer, in the case of users answering incorrectly
(Figure 4b,c).

If players wish to answer multiple questions consecutively, they can approach the
computer area. When they decide to stop answering questions, they can return to the main
game by clicking the return (left arrow) button on their screens.

For users practicing their programming skills, questions are randomly selected from
the database. Players can track their performance, viewing the total number of questions
they have answered correctly, their rank, the top three players and their scores (scores
are calculated based on the number of correct answers, with each correct answer earning
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1 point), earned badges linked to learning goals, and the mood of classmates towards
players, reflecting successful or unsuccessful mission outcomes.

 

  

Figure 1. “Friend Me”: interactions during a mission.

 
(a) 

 
(b) (c) 

Figure 2. “Friend Me”: multiple-choice type questions. (a) Demonstration of a question in the game;
(b) visualization of a correct answer; (c) visualization of a wrong answer.

44



Computers 2024, 13, 58

 
(a) 

  
(b) (c) 

Figure 3. “Friend Me”: putting-code-blocks-in-the-right-order type of question. (a) Demonstration
of a question in the game; (b) visualization of correct and incorrect placements; (c) revelation of the
correct order.

 
(a) 

  
(b) (c) 

Figure 4. “Friend Me”: questions that involve writing the code’s result. (a) Demonstration of a
question in the game; (b) visualization of correct answer; (c) visualization of wrong answer.
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2.3.2. The Online Quiz

The online quiz was created to be similar to the serious game “Friend Me”. It was
created in a shared Moodle course that all the participants were registered on. On every
attempt the quiz randomly showed 15 questions from the question bank created in the
Moodle course. The Moodle settings that were utilized to create an interactive quiz expe-
rience like that of the game included (a) Timing, (b) Layout, (c) Question behavior, and
(d) Review options.

The Timing settings were configured to enforce a time restriction of 15 min for the
quiz. This was done to ensure that participants, like those who were engaged in the serious
game, had an allocation of 1 min per question, given that there were 15 questions in total. In
terms of the quiz’s Layout options, each question was chosen to be displayed on a separate
page. This was done to provide a similar experience to the serious game, where the player
could only view one question at a time on their screen. In addition, concerning the Layout
settings, they were adjusted to reorder the possible answers and questions in a manner
comparable to the game’s functionality. Moreover, instant feedback was provided to the
users. Specifically, the system indicated the accuracy of a response using the textual labels
“Correct”, “Partially correct”, or “Incorrect”, as well as accompanying colored highlights
that transmitted the same information.

Three sorts of questions were created, including multiple choice questions, code block
ordering questions, and code result writing questions, similar to the serious game. The
questions were exactly the same as those in the serious game. The questions functioned in
the same manner as the questions in the serious game as well.

2.4. Instruments

The Intrinsic Motivation Inventory (IMI) questionnaire [40,41] was used to measure
the subjective experience of the participants while using either the serious game or the
learning platform to gain knowledge.

It consists of 45 items organized into the following seven categories: (a) Interest/Enjoyment,
(b) Perceived Competence, (c) Effort/Importance, (d) Pressure/Tension, (e) Perceived Choice,
(f) Value/Usefulness, and (g) Relatedness. In accordance with the construction guidelines of
the questionnaire, the Relatedness category was not utilized in our study due to the absence of
any interactions between participants during the experiment, meaning that the questionnaire
handed to the participants consisted of 37 items. The questions were rated on a 7-point Likert
scale, with the anchors being 1 for strongly disagree, 2 for disagree, 3 for slightly disagree, 4 for
neither agree nor disagree, 5 for slightly agree, 6 for agree, and 7 for strongly agree.

Meanwhile, two sets of questions were prepared to serve as a pre-test and post-test
questionnaire. The test was nine open-ended questions designed to assess participants’
pre- and post-test knowledge of web technologies, including HTML, CSS, and the PHP
programming language. All the questions assessed fundamental HTML proficiency, with
six of them further evaluating CSS expertise, and the remaining three assessing participants’
PHP knowledge, both in the pre-test and the post-test questionnaire.

In relation to the questions utilized in the main activity, three types of questions
were created, including multiple choice questions, code block ordering questions, and
code result writing questions. The generated collection of questions has a grand total
of 124 questions, covering both theoretical and code-based content. The distribution of
questions is as follows: there are 49 HTML questions (34 multiple choice, 12 putting code
blocks in the right order, and 3 writing the code’s result), 34 CSS questions (24 multiple
choice and 10 putting code blocks in the right order) and 41 PHP questions (15 multiple
choice, 14 putting code blocks in the right order, and 12 writing the code’s result).

The course professor designed both the pre-test and post-test questionnaire, as well
as the set of questions utilized in the serious game and the online quiz. The instructor of
the course, who is an expert in Virtual Learning Environments (VLEs) as well as internet
technologies, validated the validity of the questions.
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2.5. Procedure

The research goals were achieved using a three-phase experiment, which included the
Pre-test Phase, the Main Activity Phase, and the Post-test Phase. The participants were
instructed to utilize different educational technology tools throughout the Main Activity
Phase according to the group they were allocated to.

The participants were informed that the experiment aimed to assess the system that
they utilized. They were also informed that the experiment would include some knowledge
tests for statistical purposes, ensuring that they would not feel pressured to do well.
Furthermore, it was explicitly stated that their participation or performance in the activity
would have no impact on their overall mark in the course. The participants, after agreeing to
voluntarily participate in the experiment, also possessed the right to end their involvement
in the study at any given moment.

The participants were informed about each phase only after the previous one had
been completed. The specifics of each phase were provided during a lecture and were also
posted as announcements on the Moodle page of their shared course. The entire experiment
lasted a period of three weeks.

2.5.1. The Pre-Test Phase

During the Pre-test phase, the course students that volunteered to participate in the
experiment were handed a test, the pre-test questionnaire. The test aimed to assess their
prior knowledge of web technologies such as HTML, PHP, and CSS, which students were
expected to acquire throughout the Main Activity Phase. The test was presented in class,
and it was uploaded as a Moodle quiz. It was explicitly stated that their performance
would have no impact on their final mark for the course. The participants were given a
two-hour timeframe to complete their test, although less time was required. Upon finishing
the quiz the players did not get any feedback or a score.

While taking the test the students were randomly divided into two groups. One group
served as the control group, while the other group served as the experimental group. Upon
completing the test they were informed about which group they belonged to.

Afterwards, the software used in the Main Activity Phase was presented to each group.
In particular, a quiz from the main activity was filled by the researchers and shown to the
control group. As participants were already familiar with Moodle no further explanation
was needed.

Meanwhile, the researchers in the experimental group played the serious game “Friend
Me” for a period of time and demonstrated its many features. Participants were instructed
to engage with the online version of the game during class. The researchers provided
answers to any questions that arose. The objective of this brief session was to familiarize
the participants with the game prior to its use in the main activity.

2.5.2. The Main Activity Phase

The Main Activity Phase lasted for three weeks. The participants were informed that
they were able to start playing the game and start engaging with the online quiz. Each
group had to fulfil a set of criteria to ensure that the participants had adequately used
the software.

The individuals assigned to the control group had to answer an online quiz. The
online quiz displayed a set of questions in a random sequence from the same pool of
questions utilized in the serious game. The quiz had 15 questions, selected at random,
and participants received immediate feedback on their responses. The participants were
asked to undertake the quiz at least four times within the designated time frame. The
quiz featured a strict time constraint of 15 min, allowing just one minute for each question.
However, there were no restrictions on the number of attempts permitted for taking
the quiz.

The experimental group was encouraged to play the game as long as they wanted to.
However, in order to guarantee that they had answered a sufficient number of questions and
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had actively participated in the game, they were directed to refer to the Total Coverage bar,
depicted in Figure 5. They were advised to aim for a score of at least twenty questions. The
function of this bar is to display the player’s activity by showing the number of questions
they have answered correctly in relation to the total number of questions available in
the database. Additionally, they were recommended to interact with a minimum of two
non-player characters (NPCs). Each question had a duration of one minute.

 

Figure 5. Total Coverage bar of the serious game “Friend Me”.

For the Main Activity Phase, the participants used the software from their own per-
sonal computers whenever they wanted to and from their own space. The researchers
were constantly available via email to provide any clarifications regarding the aforemen-
tioned criteria.

2.5.3. The Post-Test Phase

Following the conclusion of the three-week timeframe, the participants were given
access to a final quiz. During class they were asked to complete the final assessment, known
as the post-test questionnaire, which assessed their understanding of web technologies
after successfully completing the main activity.

Upon the completion of the assessment by all individuals, they were subsequently
given the IMI questionnaire. The survey was conducted over the internet. The participants
were notified that the purpose of this questionnaire was to enhance our comprehension
of their experience and gather feedback for possible improvements to the overall proce-
dure’s structure.

3. Results

3.1. Data Analysis and Results

The statistical analysis was performed using the SPSS 29 statistical package.

3.1.1. Analysis and Results of the First Research Goal (RG1)

Our main hypothesis for the first research goal was that serious game users would
have a better experience than those using the online quiz. Thus, our null hypothesis was
that there would be a difference in the scores of every dimension of the IMI questionnaire
between the serious game and online quiz users.

Several studies have relied on the IMI questionnaire to assess the intrinsic motivation
and overall experience of users when utilizing digital learning systems, including serious
games [42–45] and learning management systems for e-learning [46,47]. In [48] it was
used as a way to gather data regarding the intrinsic motivation of users using a course
on an e-learning platform and an equivalent mobile serious game, with the objective of
determining whether the serious game significantly increased users’ intrinsic motivation.

Prior to any statistical analysis, a reliability test was performed for each of the seven
factors of the IMI questionnaire using Cronbach’s alpha measure. The Interest/Enjoyment
factor score was 0.9. the Perceived Competence score was 0.87, the Effort/Importance
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factor score was 0.86, the Pressure/Tension score was 0.83, the Perceived Choice score was
0.85, and the Value/Usefulness score was 0.91. Therefore, every factor exhibited a level of
internal consistency (measured by Cronbach’s alpha) above 0.70. Ref. [49] stated that alpha
coefficients of at least 0.70 are considered acceptable.

In order to investigate the first research goal (RG1), we conducted a comparison
between the outcomes of the IMI questionnaire from the experimental group and the
control group. The scoring instructions of the questionnaire state that some item replies
should be reversed by subtracting the item response from 8 before then using the resultant
number as the item score. Subsequently, a score may be computed for every factor by
taking the average of all the items associated with that factor. Consequently, we obtained a
score for each participant for every factor, which we utilized to compare the two groups.

Subsequently, we performed an independent samples’ t-test comparing the two groups.
The independent variable was the group variable, with a value of 0 representing the
experimental group and 1 representing the control group. The dependent variables were
the factor scores of each participant in the IMI questionnaire.

Given that the sample size was less than 50 (N ≤ 50), we employed the Shapiro–Wilk
test to assess whether the dependent variables of both the control and experimental groups
conformed to a normal distribution. The p-value was more than 0.05 for the data sets for
each factor in both groups, as seen in Table 1.

Table 1. Shapiro–Wilk Normality test.

Variable Group Sig.

Interest/Enjoyment 0 0.785
1 0.509

Perceived Competence 0 0.769
1 0.831

Effort/Importance 0 0.784
1 0.964

Pressure/Tension 0 0.67
1 0.52

Perceived Choice 0 0.964
1 0.487

Value/Usefulness 0 0.102
1 0.303

As a result, we could further investigate the independent samples’ t-test. The obtained
data were statistically insignificant, with a p-value greater than 0.05 in the 95% confidence
range. The table labelled as Table 2 presents Lavene’s test for the homogeneity of variance
assumption, t-values, degrees of freedom, two-tailed significance p-values, and the effect
size (Cohen’s d) for each element of the IMI questionnaire in both the experimental and
control group.

Table 2. Independent sample test for factors of the IMI questionnaire.

Variable F Sig. t df Two-Sided p Effect Size (Cohen’s d)

Interest/Enjoyment 0.048 0.827 1.486 32 0.147 0.510
Perceived Competence 0.12 0.731 0.113 32 0.91 0.039

Effort/Importance 0.187 0.668 0.175 32 0.862 −0.06
Pressure/Tension 0.121 0.73 0.059 32 0.953 −0.02
Perceived Choice 1.627 0.211 0.359 32 0.722 0.123
Value/Usefulness 2.684 0.111 0.203 32 0.84 0.07

To conclude, an independent sample t-test was conducted to compare the scores in
every dimension of the IMI questionnaire for serious game and online quiz users. The
analysis revealed no significant difference in the scores for serious game users in the
Interest/Enjoyment (M = 5.16, SD = 1.05), the Perceived Competence (M = 4.73, SD = 1.06),
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the Effort/Importance (M = 3.96, SD = 1.13), the Pressure/Tension (M = 2.85, SD = 1.29),
the Perceived Choice (M = 5.25, SD = 0.92), and the Value/Usefulness (M = 5.43, SD = 1.27)
dimensions and for online quiz users in the Interest/Enjoyment (M = 5.16, SD = 1.05), the
Perceived Competence (M = 4.69, SD = 0.99), the Effort/Importance (M = 4.03, SD = 1.21),
the Pressure/Tension (M = 2.88, SD = 1.35), the Perceived Choice (M = 5.11, SD = 1.30), and
the Value/Usefulness (M = 5.35, SD = 0.90) dimensions.

Nevertheless, regarding the Interest/Enjoyment factor, although no significant find-
ings were observed, the level of significance was relatively close to 0.05 (p = 0.14) and the
effect size was equal to 0.510, which can be described as a medium effect size [50]. The de-
scriptive statistics, alongside the medium effect size, reveal that the serious game received
a higher score (Mean = 5.17, SD = 1.06) compared to the online quizzes (Mean = 4.59,
SD = 1.17), even if statistical significance was not achieved. A boxplot depicting these
variables is given in Figure 6.

Figure 6. Boxplot of the Interest/Enjoyment variables.

Consequently, our primary hypothesis was rejected, indicating that the users of the
serious game did not have a superior experience during the main activity compared to the
group who used the online quiz.

3.1.2. Analysis and Results of the Second Research Goal (RG2)

The main hypothesis of our second research goal was that the users of serious games
would exhibit higher levels of engagement in comparison to the users of online quizzes.
Thus, our null hypothesis was that there would be a difference in the number of answered
questions between the serious game and online quiz users. The number of answered
questions has been utilized as a measure of engagement, serving as a shared metric for
both the serious game and the online quiz. Previous studies have utilized the number of
quiz attempts as an indicator of engagement with a learning module [51,52]. However, in
our experiment, this measure is not applicable because the questions in the serious game
were presented individually. Therefore, we have converted the quiz attempts into the
number of questions answered, as the more times someone attempts a quiz more questions
are answered.

The data were obtained from the log data of the serious game and the online quiz results.
A Shapiro–Wilk test indicated that both the control and experimental variables deviated

from a normal distribution, as evidenced by their significances being below 0.001. Therefore,
we conducted the independent samples Mann–Whitney test, which yielded a significance
level of p < 0.001. The mean rank for the experimental group is 26, whereas the mean rank for
the control group is 9.94. A boxplot of the results is depicted in Figure 7. The figure includes
individuals whose values exceeded or fell below the maximum and minimum values of each
boxplot, shown by asterisks. Each asterisk is accompanied with a number that serves as the
ascending identifying number for each participant in the experiment.
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Figure 7. Boxplot of the total number of answered questions.

A Mann–Whitney U test was conducted to compare the number of questions answered
by serious game and online quiz users. The analysis revealed a significant difference in
the values for serious game users (Mdn = 136, IQR = 61) and online quiz users (Mdn = 60,
IQR = 4): U = 8, Z = −4.865, p < 0.001. The results indicate that serious game users answered
significantly more questions than the online quiz users.

3.1.3. Analysis and Results of The Third Research Goal (RG3)

Our third research goal had as its main hypothesis that serious game users would
have a higher knowledge gain compared to online quiz users. Thus, our null hypothesis
was that there would be a difference in the post-test scores between the users of serious
games and online quizzes. Pre-test and post-test scores have traditionally been utilized in
educational research to examine the impact of educational innovations [53]. In our study,
we are using post-test scores as a measure to determine whether serious game players
acquired more knowledge than online quiz users.

However, first, we should establish whether there was any significant difference in
the prior knowledge of web technologies between the two groups. To do so, we conducted
the independent samples Mann–Whitney U test between the two groups. The independent
variable was the group variable (0 for the experimental and 1 for the control group) and
the dependent variable was the score on the pre-test questionnaires.

As our sample size is smaller than 50 (N ≤ 50), the Shapiro–Wilk test was used to
examine whether the two pre-test score variables (control and experimental) did not follow
a normal distribution, with significances equal to p = 0.02 < 0.05 and p = 0.01 < 0.05,
respectively. Therefore, we conducted the independent samples Mann–Whitney test, which
yielded a significance level of p = 0.93 > 0.05, which led us to retain our null hypothesis that
the distribution of the pre-test scores was the same across both groups. We can see the plot
of these two variables in Figure 8. This allows us to investigate further the performance of
the users in the post-test questionnaire.

As the sample size is smaller than 50 (N ≤ 50), the Shapiro–Wilk test was used to
examine whether the two post-test score variables (control and experimental) did not
follow a normal distribution, with significances equal to p < 0.01 < 0.05 and p = 0.01 < 0.05,
respectively. Therefore, we conducted the independent samples Mann–Whitney test, which
yielded a significance level of p = 0.99 > 0.05, which led us to retain our main hypothesis
that the distribution of the post-test scores is the same across both groups. We can see the
plot of these two variables in Figure 9.
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Figure 8. Independent Samples Mann–Whitney U Test of the pre-test scores.

Figure 9. Independent Samples Mann–Whitney U test of the post-test scores.

An independent samples Mann–Whitney test was conducted to compare the scores
on the final test between the serious game and online quiz users. Our analysis revealed
no significant difference in the values for serious game users (Mdn = 7, IQR = 2.5) and
online quiz users (Mdn = 7.75, IQR = 1.63): U = 143.5, Z = −0.17, p = 0.986. The results
indicate that the serious game users did not perform better in their post-test questionnaire
compared to the online quiz users.

4. Discussion and Conclusions

The aforementioned results are concluded and discussed in detail for each specific
research goal in the following paragraphs.

4.1. First Research Goal (RG1)

Regarding the first research goal, our main hypothesis was rejected, suggesting that
the participants who used the serious game did not have a superior experience in the
primary activity compared to the group that utilized the online quiz. Specifically, the users
of the serious game did not experience a significant increase in their sense of competence
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compared to the online quiz users. They reported putting in equal effort and feeling similar
levels of pressure as the participants in the control group. Additionally, the perceived level
of choice they had was similar to that of the online quiz users. Finally, they discovered both
tools to be equally valuable.

Current research indicates that online quizzes are both motivating and able to provide
a comparable experience to serious games. This aligns with the findings that Moodle, and
learning platforms in general, are an effective tool for teachers to motivate students [54],
particularly through the use of e-assessments [55].

Furthermore, the comparable motivation levels seen between participants taking
online quizzes and those playing the serious game can be attributed to the competitive goal
structure of the game, which has been found to elicit not as strong a motivation compared to
games with a cooperative goal structure [56]. In our serious game, a scoreboard displaying
the top three players is visible to all participants. The user’s objective is to either achieve
a rating that is among the top three players or to build relationships with non-player
characters (NPCs) by answering questions properly. This might have resulted in the game
becoming too competitive, as the player’s primary objective is to answer questions properly,
thus reducing its entertainment value to that of a simple online quiz.

In addition, the game inlcuded rewards such as points and badges, which usually
leads to enjoyment according to [57], as was also proved in [58], but the respondents also
had the choice to answer questions using a computer station in the game. By bypassing the
socializing and tasks, players would be able to answer questions continually, which might
have prevented them from obtaining items and exploring the game area. This may have
also diminished the level of enjoyment for certain individuals.

4.2. Second Research Goal (RG2)

Regarding our second research goal (RG2), our main hypothesis was confirmed,
indicating that the experimental group had a considerably greater number of answered
questions compared to the control group. Consequently, the serious game effectively
enhanced the participants’ engagement with the activity, resulting in a significant rise in
the number of questions they answered.

A recent study demonstrated that serious games have been proven to be an effective
method in recent years for enhancing student engagement, among other benefits [59]. An
investigation was conducted [60], utilizing serious games to improve performance during
the COVID-19 period. The study found that the suggested pedagogical model received
high praise from students in terms of engagement, increased motivation, and a meaningful
learning experience. These findings support our own discovery that students answered a
greater number of questions through the serious game compared to the online quiz during
the Main Activity Phase.

The finding that the players of the serious game exhibited higher levels of engagement
is substantial, as engagement in virtual learning typically leads to a pleasant learning
experience and a sense of fulfilment [61]. Moreover, the findings of [62] indicate that
different kinds of engagement, such as behavioral, cognitive and emotional, exhibit a
substantial influence on the learning outcomes of online learning.

4.3. Third Research Goal (RG3)

Concerning our third research goal (RG3), our primary hypothesis that serious game
users would perform better in the post-test questionnaire compared to the online quiz
users was rejected, as the findings were not significant. This can also be easily seen through
descriptive statistics, as the experimental group had a mean of 6.75 and an SD = 2.41, while
the control group had a mean of 7 and an SD = 2.21.

This aligns with the findings of a conducted study [25], which utilized three empirical
studies to demonstrate the efficacy of serious games compared to standard classroom
instruction in terms of learning aspects and results. Although the findings indicated that
the students had a higher level of competence when utilizing serious games as a tool for
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learning, and they reported high engagement and motivation, this improvement was not
reflected in their performance on knowledge tests. The study argued that the assessment
methods used on the students were not aligned with their learning experience in the serious
game, which was one of the determining factors of these results.

In addition, further research [63] aimed to establish the correlation between the en-
joyment of games, self-reported cognitive and motivational learning improvements, and
test outcomes through an empirical investigation. The study determined that the extent to
which students found studying enjoyable had a significant influence on their motivation
and level of involvement, but that it did not have any noticeable impact on their measured
learning outcomes.

The absence of substantial findings with regard to this research question might poten-
tially be attributed to time constraints. The entire duration of the experiment lasted three
weeks, which may have been insufficient to adequately demonstrate the potential influence
of the game on academic achievement. In [64], a direct correlation between the duration
of instructional minutes in an academic year and standardized test results was found at
school sites. If the participants had utilized the serious game for an extended duration,
it is likely that they would have exhibited improved performance, taking it as a fact that
active engagement typically results in enhanced learning outcomes, as was discussed in
our previous research goal.

According to the meta-analysis [65], it is difficult to verify the association between
engagement and learning. Based on [66], even if the users were more engaged compared
to traditional teaching, based on their feedback questionnaires, observation found no
significant difference in the knowledge gains between the two groups. Although users may
have been initially attracted to the idea of learning through a game and may have enjoyed
it more than traditional methods, minimal knowledge gains were found due to them being
distracted by the game.

4.4. Conclusions

The present study concludes that, throughout the duration of the experiment, the level
of engagement exhibited by the participants utilizing the serious game was significantly
higher than that of the online quiz users, as evidenced by their larger number of answered
questions (RG2). This might be attributed to their heightened interest in the game, which
led them to prefer continuing to play and then to respond to questions, as opposed to
accessing an online quiz.

Regarding our first research goal, there were no significant findings in terms of the
subjective experiences of the two groups, control and experimental. However, the fact that
the Interest/Enjoyment dimension of the questionnaire had a significance level pretty close
to 0.05 confirms that the game is very motivating for users and suggests that it would be
advantageous to replicate the experiment with a larger sample size.

Furthermore, the absence of any noteworthy discoveries regarding the serious game
in the questionnaire, even in areas where serious games are known to have an impact,
may be influenced by the number of questions that participants were required to answer,
as previously described. This may have significantly impacted dimensions such as the
perceived pressure experienced during the utilization of the serious game in the Main
Activity Phase, as well as the dimension of Perceived Choice. Although the users had the
option to withdraw from the experiment without facing any consequences, individuals may
have felt compelled to complete the experiment, turning it into another academic obligation.

Another element that might have affected these results was the serious game that was
used. Even though the game consisted of a set of questions created by the professor of the
course, who is an expert in his field, and although it had been evaluated twice regarding
the players’ experience, by undergraduate students and by experts, for its usability, some
elements are missing that are considered to be essential to enhance multimedia learning [67].
The fact that the NPCs did not use a voice that was either human or computer-generated
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when the user interacted with them might have decreased the emotional engagement of
the game, making it less appealing to users.

Moreover, the Pre-training principle [67] suggests that, before asking the players to
answer to some questions, a brief introduction to the key concepts might be beneficial
to them. As the game was tailored to the needs of the course, and it was utilized as
supplementary material, similar to online quizzes with feedback, no learning was achieved
through teaching, but only through self-assessing one’s knowledge and through feedback,
as would happen when answering online quizzes. This might have negatively affected
several dimensions of the IMI questionnaire, such as the effort dimension, as both the
online quiz and the serious game were equally hard for participants. However, in our
case, as the serious game was customized to the course and was meant to be compared
with regular quizzes on a learning platform, if the game included tips it would make it
unsuitable for us to compare the two to figure out the best way to provide practice quizzes
to students.

Finally, regarding the third research goal, the grades from the post-test questionnaire
did not show any significant difference. The outcome may have been influenced by
limitations such as the duration of the experiment and the type of post-test questions used.

5. Limitations and Future Steps

It is important to acknowledge the limitations of the current study when evaluating
its results. The control and experimental groups have a limited sample size. Moreover,
despite the fact that only a small sample of participants was used, no qualitative evaluation
was conducted, which results in us having no comments with which to better explore the
results of our research questions. Furthermore, the duration of the experiment may not
have been adequate to demonstrate significant improvements in performance on the final
exam and exceptional learning outcomes (RG3). The requirement for a minimal level of
engagement with the materials to consider a participant as having effectively utilized them
might potentially have had a negative impact on the participants’ experience (RG1). Since
the participants were computer science students, they could have acquired knowledge
about the web technologies included in the experiment from external sources that they
found on their own and might have answered relevant questions, potentially affecting the
results of the post-test questionnaire (RG3). Furthermore, the study exclusively employed
a serious game of a certain genre for the purpose of comparing it with online quizzes.
This constraint restricts our capacity to make comprehensive generalizations regarding
serious games.

Future research should include samples of participants lacking a computer science
background and provide these tools, the quizzes and the serious game, alongside a set
of relevant educational resources. Furthermore, we want to prolong the duration of the
experimental time in which the material is applied to include an entire semester, consisting
of 18 weeks. It is anticipated that the serious game players would achieve improved
post-test scores due to their increased engagement, which is likely to result in enhanced
learning outcomes. Ultimately, a more extensive pool of participants will be utilized,
perhaps resulting in significant discoveries about the factor of Interest/Enjoyment from the
IMI questionnaire.

In future work it will be essential to include a qualitative evaluation, which involves
conducting interviews or focus groups, in addition to the quantitative evaluation. This
would assist researchers in addressing gaps in their quantitative data findings and enhanc-
ing their comprehension of the results, if outcomes similar to those of the first and third
research goals arise, without any significant findings. Utilizing a variety of serious games
with distinct game mechanics, aesthetic and narrative designs, and musical scores that
align with the learning objective of our present project would also be beneficial, as the
results would not be affected by the particular game that was chosen by the researchers.
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46. Jurgelaitis, M.; Čeponienė, L.; Čeponis, J.; Drungilas, V. Implementing gamification in a university-level UML modeling course: A
case study. Comput. Appl. Eng. Educ. 2019, 27, 332–343. [CrossRef]

47. Facey-Shaw, L.; Specht, M.; van Rosmalen, P.; Bartley-Bryan, J. Do badges affect intrinsic motivation in introductory programming
students? Simul. Gaming 2020, 51, 33–54. [CrossRef]

57



Computers 2024, 13, 58

48. Leenaraj, B.; Arayaphan, W.; Intawong, K.; Puritat, K. A gamified mobile application for first-year student orientation to promote
library services. J. Librariansh. Inf. Sci. 2023, 55, 137–150. [CrossRef]

49. Nunnally, J.C. Psychometric Theory, 2nd ed.; McGraw-Hill: New York, NY, USA, 1978.
50. Cohen, J. Statistical Power Analysis for the Behavioral Sciences; Academic Press: Cambridge, MA, USA, 2013.
51. Doherty, C. An investigation into the relationship between multimedia lecture design and learners’ engagement behaviours using

web log analysis. PLoS ONE 2022, 17, e0273007. [CrossRef]
52. O’Dowd, I. Using learning analytics to improve online formative quiz engagement. Ir. J. Technol. Enhanc. Learn. 2018, 3, 30–43.

[CrossRef]
53. Dugard, P.; Todman, J. Analysis of pre-test-post-test control group designs in educational research. Educ. Psychol. 1995, 15, 181–198.

[CrossRef]
54. Aikina, T.; Bolsunovskaya, L. Moodle-based learning: Motivating and demotivating factors. Int. J. Emerg. Technol. Learn. (IJET)

2020, 15, 239–248. [CrossRef]
55. Elshareif, E.; Mohamed, E.A. The Effects of E-Learning on Students’ Motivation to Learn in Higher Education. Online Learn. 2021,

25, 128–143. [CrossRef]
56. Peng, W.; Hsieh, G. The influence of competition, cooperation, and player relationship in a motor performance centered computer

game. Comput. Hum. Behav. 2012, 28, 2100–2106. [CrossRef]
57. Plass, J.L.; Homer, B.D.; Kinzer, C.K. Foundations of game-based learning. Educ. Psychol. 2015, 50, 258–283. [CrossRef]
58. King, D.L.; Delfabbro, P.H.; Griffiths, M.D. The role of structural characteristics in problematic video game play: An empirical

study. Int. J. Ment. Health Addict. 2011, 9, 320–333. [CrossRef]
59. Yu, Z.; Sukjairungwattana, P.; Xu, W. Effects of Serious Games on Student Engagement, Motivation, Learning Strategies, Cognition,

and Enjoyment. Int. J. Adult Educ. Technol. (IJAET) 2022, 13, 1–15. [CrossRef]
60. Arias-Calderón, M.; Castro, J.; Gayol, S. Serious games as a method for enhancing learning engagement: Student perception on

online higher education during COVID-19. Front. Psychol. 2022, 13, 889975. [CrossRef] [PubMed]
61. Farrell, O.; Brunton, J. A balancing act: A window into online student engagement experiences. Int. J. Educ. Technol. High. Educ.

2020, 17, 25. [CrossRef]
62. Wang, C.; Mirzaei, T.; Xu, T.; Lin, H. How learner engagement impacts non-formal online learning outcomes through value

co-creation: An empirical analysis. Int. J. Educ. Technol. High. Educ. 2022, 19, 1–26. [CrossRef]
63. Iten, N.; Petko, D. Learning with serious games: Is fun playing the game a predictor of learning success? Br. J. Educ. Technol. 2016,

47, 151–163. [CrossRef]
64. Jez, S.J.; Wassmer, R.W. The impact of learning time on academic achievement. Educ. Urban Soc. 2015, 47, 284–306. [CrossRef]
65. Girard, C.; Ecalle, J.; Magnan, A. Serious games as new educational tools: How effective are they? A meta-analysis of recent

studies. J. Comput. Assist. Learn. 2013, 29, 207–219. [CrossRef]
66. Wrzesien, M.; Raya, M.A. Learning in serious virtual worlds: Evaluation of learning effectiveness and appeal to students in the

E-Junior project. Comput. Educ. 2010, 55, 178–187. [CrossRef]
67. Mayer, R.E. Multimedia learning. In Psychology of Learning and Motivation; Academic Press: Cambridge, MA, USA, 2002; Volume

41, pp. 85–139.

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

58



computers

Article

Enhancing Collaborative Learning and E-Mentoring in a Smart
Education System in Higher Education

Loan Nguyen 1, Sarath Tomy 2 and Eric Pardede 3,*

1 Faculty of Informatics and Foreign Languages, The Army Academy, Da Lat, Lam Dong 66000, Vietnam;
loan.nguyenthithanh.aa@gmail.com

2 Department of Computer Science and Information Technology, School of Computing, Engineering and
Mathematical Sciences, Bendigo Campus, La Trobe University, Bendigo, VIC 3552, Australia;
s.tomy@latrobe.edu.au

3 Department of Computer Science and Information Technology, School of Computing, Engineering and
Mathematical Sciences, Melbourne Campus, La Trobe University, Melbourne, VIC 3086, Australia

* Correspondence: e.pardede@latrobe.edu.au

Abstract: The requirement to develop a smart education system is critical in the era of ubiquitous
technology. In the smart education environment, intelligent pedagogies are constructed to take
advantage of technological devices and foster learners’ competencies which undoubtedly assist
learners in dealing with knowledge and handling issues in a dynamic society more effectively and
productively. This research suggests two effective learning strategies: (1) collaborative learning,
which helps learners improve their knowledge and skills by exchanging resources and experiences,
and (2) e-mentoring, which connects learners to a wide range of professional communities. This
research first proposes a model to show how these two learning methods help learners achieve their
goals, along with a set of hypotheses that are explained in detail. Then, a smart education system
is proposed which comprises the two learning strategies with the necessary features. Lastly, two
questionnaires, one for facilitators and the other for learners, are used to evaluate the usefulness and
the feasibility of the proposed model in a real-world educational environment. The great majority of
respondents agreed with all the statements, demonstrating the efficiency of the research for educators
and learners.

Keywords: collaborative learning; e-mentoring; smart education; smart learning environment; smart
learners; smart pedagogies

1. Introduction

Technology has had a positive impact on most aspects of society, including education
and learning [1,2]. The technological transformation of education has not only had an
impact on learning materials and classroom boundaries, but it also offers learners various
opportunities to acquire a range of skills and knowledge by connecting to a wide profes-
sional learning network [2,3]. Educators and learners are no longer limited by learning
borders due to advances in technology, which has made online learning and hybrid learn-
ing possible, giving learners greater flexibility, a wide selection of courses, accessibility,
and cost-effective options [4]. Online and hybrid learning also open the door to learn-
ing communities around the world, where learners can build a network and develop an
international mindset [4].

In particular, in the era of the fourth industrial revolution, known as Industry 4.0, the
development of digitalisation and the increasingly convergent boundaries between humans
and machines are expected to produce a qualified and highly educated workforce [5,6].
Learners are required to acquire holistic competencies, including technical and non-technical
skills that cannot be attained by learning from books and lectures alone [5]. Hence, designing
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a smart education system is of critical importance to offer learners the opportunity to
choose the learning pathway that is the most effective for them.

The smart education paradigm is one of the most effective and promising directions
for educational development. The purpose of smart education is to cultivate a smart
learner generation by immersing learners in intelligent pedagogies facilitated by smart
environments with the support of technological advances [7]. There are three key factors
contributing to a complete smart education system: smart learners, smart pedagogies, and
smart environments. Smart learners not only possess sustainable hard skills, but also need
to achieve the necessary soft skills, both in terms of personal skills (complex problem-
solving, critical thinking, creativity, out-of-the-box thinking, emotional intelligence, and
cognitive flexibility), and social skills (communication, teamwork, negotiation, and lead-
ership skills) [8]. A smart environment and smart pedagogy support smart learners on
their learning pathways. A smart environment is shaped by both software and hardware
technological support, digital resources, and the contribution of smart pedagogies that
are designed based on a learner-centric paradigm to shape learners who have different
backgrounds, levels, and interests to enhance their necessary knowledge skills [7]. Con-
sequently, two major pedagogical strategies, collaborative learning and e-mentoring, are
designed to improve learners’ knowledge, experience, and skills by not only encouraging
them to actively communicate and exchange valuable learning resources but also helping
them connect with professional communities.

Collaborative learning encourages learners to develop their capabilities by exchanging
knowledge and experience with peers [9]. The paradigm provides learners with the
opportunity to build a group themselves with common goals or to search for an existing
group which has the same goals as the learner [10]. They engage in the learning process
using a joint workspace where they can share resources, learn new concepts, and discuss
and deal with uncertain theories and construct ideas together, especially in the case of
learners in disparate locations [9]. Moreover, collaborative learning applications enable
them to learn in both synchronous and asynchronous ways using a range of multimedia and
devices [11]. Since collaboration takes place between learners with different backgrounds
and characteristics and diverse fields of specialisation, learners can acquire new knowledge
and cultivate advanced skills, such as intensive judgment and negotiation skills, wise
emotional intelligence, and effective communication skills, contributing to building a
stronger learning community [7].

Another effective learning strategy is to study with mentors who are experts in their
field, with unique experiences and skills. E-mentoring takes place between mentors and
mentees who desire to achieve mutual growth [12]. This approach consists of a matching
mentor–mentee stage and learning process with flexible curriculums. By connecting with
professional communities, learners are able to search for suitable mentors who can guide
them, develop ideas, build knowledge, and encourage and assist them in their learning
development [13]. Mentors with valuable experience, knowledge and skills can develop
suitable programs and activities that can be flexibly adjusted as the learners progress.
Hence, learners gradually acquire competencies to deal with complex problem-solving and
decision-making.

In a smart education environment, both collaborative learning and e-mentoring are
supported by technological advances that are breaking the barriers of learning space and
time. A more immersive environment has been created with various dynamic media:
virtual classrooms, a huge number of digital resources, and flexible tools and systems
have been employed to improve collaboration. Subsequently, this paper focuses on “How
effective is an integrated model that combines collaborative learning and e-mentoring in
engaging learners with diverse backgrounds, characteristics, and interests?” and “How can
technological advances be harnessed to enhance collaborative learning and e-mentoring
strategies within a smart education context?”.

This paper first discusses the importance of implementing two effective learning
strategies, collaborative learning and e-mentoring, in the smart education environment.
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Furthermore, it proposes a research model with a set of hypotheses to explain how these two
learning modes engage learners so that they can achieve their goals effectively. Then, the
implementation part presents a smart education system visually, focusing on collaborative
learning and e-mentoring deployed in a higher education learning environment. This
section proposes models with should-have features to provide a thorough understanding
of how the system supports participants in teaching and learning, the way users interact
with the system, and perform learning processes. Finally, this research illustrates the
usefulness and feasibility of the framework in a real educational environment by evaluating
the effectiveness of the functionalities from the perspective of the participants who are
learning and teaching in a higher education environment.

2. Literature Review

To adapt to the changes and the requirements of the workforce in a digital and intel-
ligent society, the key factors in the success of the new learner generation are classified
into two categories: hard skills (analytical skills and research skills) and soft skills (critical
thinking, problem-solving, decision-making, creativity, emotional intelligence, communica-
tion skills, teamwork skills, negotiation skills, ability to transfer knowledge, and leadership
skills) [8]. Progressively, smart educational systems need to focus on creative, innova-
tive, and communicative activities rather than routine activities with monitoring duties,
which evolve and consider many promising trends, including opportunities to learn at
diverse times and places, personalised learning based on students’ capabilities, the use of
technological advances and resources, the use of experiential and collaborative learning,
student involvement in curriculum design, and increased mentoring approaches [14]. Zhu
and He [7] proposed a research model in smart education with three essential elements:
(1) smart learners; (2) smart environments; and (3) smart pedagogies (Figure 1), in which
smart environments play a vital role in influencing smart pedagogies, and smart ped-
agogies are one of the key factors contributing to smart environments. The skills and
knowledge enhancement of smart learners are supported by smart pedagogies and sm-
art environments.

Figure 1. Smart education.

2.1. Smart Learners

Learners in a smart learning environment are demanded to learn smarter to acquire
competencies to adapt to a modern and dynamic society. They are required to actively
look for the knowledge and learning approaches that are appropriate for them [15] and
build their own knowledge and skills by interacting with their peers, instructors, techno-
logical advancements, and learning resources [16]. Achieving success in a smart learning
environment is difficult and depends heavily on learners’ academic characteristics, such as
collaboration, self-motivation, persistency, curiosity, and risk-taking, as well as the skills
of time management, effective reading, creativity and innovation, and learning through
co-operation [17]. Hence, to meet the needs of the smart education system, learners must
master the following four skills [7]:
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(1) Basic knowledge and core skills, which provide a foundation for skill development
and setting future goals, and this is instrumental in the process of understanding
concepts [18].

(2) Comprehension such as critical thinking and problem solving.
(3) Personalised expertise which challenges learners to think and suggest new ideas in

studying and working to contribute to innovation.
(4) Collective intelligence refers to the abilities of a group of individuals to share and

gather their knowledge and skills to perform tasks or deal with problems. This
collective intelligence can be constructed by accumulating, arranging, and refining
individual learning content followed by communication and collaboration between
the learners [19].

2.2. Smart Pedagogies

Pedagogy is defined as a science that is constantly evolving and looking for a better
way to teach and engage learners in the process of knowledge building. SMART stands for
Self-Monitoring Analysis and Reporting Technology. In the contemporary society, wherein
technology is integrated into education, smart refers to smart devices [20]. Zhu et al. [7]
argue that, if the goal of the educational process is learners, then, for smart pedagogies,
which focus on smart learners, technology is a supporting factor influencing the learning
environment. A dynamic and intelligent society requires the future workforce to possess
holistic competencies, such as strong logical thinking and decision-making, judgment and
negotiation skills, organisational leadership and management qualities, and interpersonal
and high-level communication skills, which are fostered by practice and problem-based
learning approaches. Learners should be experienced in applying effective learning strate-
gies, namely, having the ability to actively use theoretical knowledge in practice, engage in
open discussion, understand problems from different perspectives, and learn from more ex-
perienced people; moreover, within interdisciplinary groups, with teamwork and practice,
develop the soft skills needed for cooperation and communication in solving common tasks.
Furthermore, each individual learner with a different background, education level, and
interest deserves suitable and flexible curriculums which ignite their passion and promote
their understanding [21]. Hence, learning collaboratively and mentoring are the two most
important learning strategies that provide opportunities for learners to broaden their views
and gain comprehensive knowledge.

2.2.1. Collaborative Learning

In a smart learning environment, facilitators are required to design their teaching
strategies flexibly, enhance the quality of the teaching content, and evaluate the impact
of the learning process on students’ outcomes [22] to motivate learners to study actively.
Therefore, collaborative learning has become one of the most effective pedagogical ap-
proaches in the design of a smart learning environment. Knowledge acquired from lectures
is a key fundamental of core knowledge and the basic skills required for learners in their
learning pathway. However, in higher education, to develop core knowledge, enhance
advanced comprehension abilities, and, especially, engage in flexible problem-solving,
learners need to step out of their comfort zones by actively exchanging knowledge and
skills and studying with their peers.

As shown in Figure 2, collaborative learning is an educational strategy where learners
are encouraged to study and work in a group to perform tasks together and achieve com-
mon goals. Karin et al. [9] stated that this kind of study provides an opportunity for learners
to develop both cognitive skills, such as analytical skills, research skills, critical thinking,
problem-solving, and decision-making, and pro-social behaviour, like understanding, com-
municating, negotiating, helping, sharing, and cooperating. Moreover, learners who study
in a group achieve a significantly better understanding in comparison with those who study
individually. In the group learning context, learners engage in high-quality social interac-
tion, such as discussing contradictory information, explaining and questioning one another
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critically, recognizing misconceptions, and strengthening the connections between new
information and previously learned knowledge. Additionally, it is an advisable strategy
that helps facilitators recognize a poor-performing student and help them find a solution
to improve their learning performance and engagement.

 
Figure 2. Collaborative learning enhances knowledge and skills.

2.2.2. E-Mentoring

Mentoring is mostly conceptualised as a learning process where the experienced
mentor provides guidance, instruction, encouragement, role modelling, and emotional
support to a younger person [23]. Mentoring is also defined as a collaborative learning and
mutually beneficial relationship where both mentors and mentees foster their personal and
professional development by engaging in professional activities [12]. In higher education,
the role of mentors is critical because they direct mentees on the path to success, enhance
their academic achievements, reduce their stress, and inspire them to engage in a cycle
of learning [3]. There are many types of mentoring relationships, such as traditional
mentoring, peer mentoring, group mentoring, reserve mentoring, and situation mentoring,
which depend on many factors, such as the purpose and goal of learning, the organisation’s
circumstances, willingness, availability, and appropriateness according to the individual’s
situations, as well as the length of the learning time [24]. The key factor to success in an
e-mentoring program is the establishment of a strong personal relationship based on trust,
self-motivation, flexibility, communication skills, and technological skills. Two important
elements need to be considered: (1) matching appropriate mentors and mentees [25] and
(2) building a strong relationship between mentors and mentees [26].

E-mentoring is a process where a virtual platform is used to facilitate mentoring
relationships. Participants not only engage in synchronous and asynchronous online di-
alogue through various aspects of the course but can also be introduced to social and
professional networks, providing a valuable opportunity to connect to a pool of mentors
and mentees [26]. However, Colky and Young [27] suggested that understanding the men-
toring process established in a traditional learning environment is necessary for effective
mentoring in a virtual environment. There are four phases to a mentoring relationship:
(1) initiation, which involves identifying and matching mentors-mentees; (2) training,
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where the success of a mentoring program is dependent on the training given to both the
mentors and mentees and aims to familiarise all the partners with the techniques and the
overall goals of the mentoring program; (3) monitoring, to assess if the mentoring process
is working well or if there is a need for retraining; (4) evaluation, which involves evaluating
the mentoring results and obtaining recommendations to improve the first three steps [28].

2.3. Smart Learning Environment

Huang et al. [29] pointed out that the objective of a smart learning environment
is to promote easy learning, engaged learning, and effective learning. Consequently, it
is necessary to design a smart learning environment technically and pedagogically. It
should be expanded in space, time, technology, interaction, and control [8] to facilitate
and engage learners to experience a seamless learning process and perform tasks in an
easy and natural way. Technology covers both hardware and software. Hardware includes
tangible technological devices such as IQ boards, projection screens, interactive LCD/LED
touchscreens using cloud computing, ubiquitous computing, IoT technology, and smart
audio–visual systems. Software includes learning tools, online resources, new supporting
applications using virtual reality technology, and learning analytics. From a pedagogical
perspective, a learning environment is implemented to assist facilitators in designing and
conducting lessons and learning activities effectively and supports learners to enhance
their knowledge and skills with the additional flexibility and diversity of the learning
practice [6].

Many researchers have found that a smart learning environment has considerably
changed the way learners and facilitators interact with each other, enabling collaboration
in a flexible environment [10,30–32]. Learning processes are maintained from building
groups to monitoring students’ progress and adjusting curriculums accordingly to suit
the student’s needs. A smart learning environment supports learners to form the right
group by finding suitable partners in a wide range of learning communities. Learners
receive opportunities to experience virtual learning environments where they can study
both asynchronously and synchronously, have access to shared repositories with diverse
valuable resources, and join in common learning workspaces. The learning progress is
monitored and evaluated to identify the strengths and weaknesses of the learners and the
curriculum for improvement (as shown in Figure 3).

 

Figure 3. Collaborative learning and e-mentoring in a smart learning environment.

Smart education is becoming a promising trend to ensure the development of a new
generation of the smart workforce who need to be equipped with valuable competencies,
involving sustainable knowledge and flexible skills. Smart pedagogies are designed to
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focus more on learners, influencing a learning environment that is supported by technology
and intelligent devices to be flexible, diverse, and smart [7]. As a result, two learning
approaches, collaborative learning and e-mentoring, are considered as effective learning
strategies for learners to adapt to future requirements. To further explain the theory, the
next section proposed a model to show how collaborative learning and e-mentoring help
learners reach their goals effectively in a smart education environment.

3. Research Model

Learners are expected to study within a collaborative environment, sharing their
knowledge and skills to enhance their performance in critical thinking and improve their
problem-solving skills [7]. The knowledge imparted and the lessons delivered by ex-
perts and experienced facilitators are necessary for learners to gradually advance their
careers [29]. It is clear that collaborative learning and e-mentoring are the two most efficient
approaches to smart pedagogies, in which learners and facilitators exchange knowledge
productively to achieve their ongoing learning goals. The exchange of knowledge is a
dynamic and social process that incorporates various forms of knowledge from multiple
sources [33]. The process is achieved through peer interaction and diverse resource sharing.
Additionally, in e-mentoring, learners have opportunities to interact with professional
communities, wherein they can find not only facilitators, instructors, and professors in
their institutions but also experts in the specific fields that they require. Learners are also
engaged in flexible curriculums, which are adjusted to suitably enhance their improve-
ments. Mentors share wisdom, experience, deep knowledge, and also their successes and
failures [23] to help mentees achieve their goals and objectives [34], connect knowledge to
handle situations logically, and build new knowledge with the aim of succeeding in their
learning pathway [35] (as shown in Figure 4).

 

Figure 4. Proposed research model.

Core knowledge and basic skills from books and lessons are key fundamentals that
help learners develop other advanced skills. However, cognitive skills, such as analytical
skills, research skills, critical thinking, problem-solving, and decision-making, as well as
pro-social behaviour, like understanding, communicating, negotiating, helping, sharing,
and co-operating, cannot be attained by self-learning but by engaging in high-quality social
interaction, in which knowledge is exchanged actively, contradictory information is dis-
cussed and explained critically, and misconceptions are identified and handled effectively,
so that new information and previously learned knowledge will be connected strongly [9].
Chi et al. [11] stated that actively engaging in an exchange with peers, such as watching a
tutorial video or solving a problem together using each other’s knowledge and experience,
helps learners construct an in-depth understanding and enhance their knowledge in a way
that is similar to directly receiving the guidance from a highly experienced instructor. In
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addition, Pangil [36] pointed out that knowledge grows when it is shared and used but
depreciates in value when being kept to oneself. Sharing knowledge can stimulate learners’
creativity by generating new knowledge. Consequently, learners have a greater opportunity
to acquire the necessary skills and achieve their goals when learning collaboratively.

Therefore, we hypothesise:

H1: Active knowledge sharing in collaborative learning effectively improves learners’ engagement.

Individuals often possess distinctive experience and expertise that should be combined,
especially, to complete tasks that require the combination of different knowledge bases [10].
A smart education environment that incorporates technological advances assists learners
at right the first stage, which is to form a suitable group. By using the intelligent features of
a learning system, learners input their requirements as they want to find the best match
partners or facilitators; then, the system should sort out collaborators with appropriate
criteria based on their expertise and background [10]. This stage is the key factor in all
collaborations because partners who are appropriately matched not only exchange their
new knowledge and perspectives but also provide constructive feedback and motivational
encouragement to each other [22], especially in relation to peer-reviewed works.

Additionally, along with learning processes, learning applications with ubiquitous
mediums support participants in experiencing new ways of learning, which facilitates
their constant interactions, regardless of the distance. Since then, learners have more
opportunities to understand each other and deal with tasks effectively. Learners need
a space in which they are assisted to continually discuss, refer to others’ ideas, develop
solutions together, keep track of prior discussions, and create a synergy of individual
contributions [37]. Hence, the following hypothesis is proposed:

H2: A learning environment that facilitates peer interaction will positively affect knowledge sharing.

Collaboration refers to a situation where participants share their resources, knowl-
edge, and experience with others. This exchange process can be performed directly or
indirectly via a knowledge repository, where members provide and access each other’s
knowledge resources such as data, information, and knowledge [38]. In shared repositories,
partners can easily exchange and organize diverse resources regardless of their location [10].
Furthermore, learners would like to study in a dynamic learning environment with the
support of technological advances to assist them in both synchronous and asynchronous
communications, in which they are given opportunities to understand new concepts or
phenomena more visually, which can foster their in-depth knowledge to engage in real-
world problem-solving [31]. Knowledge resource sharing saves time and energy for all
partners and helps them explore problems and solutions more deeply through shared ideas
from others. Hence, we propose the following hypothesis:

H3: A learning environment that facilitates resource sharing will positively affect knowledge sharing.

Knowledge is not static, it exists and is codified through collaborative processes [39].
According to Kaplan [40], nearly 70% of the knowledge that an employee needs to be
successful is cultivated outside of formal training. Forming a community connection is one
way to create and structure opportunities where learners interact, capture, formalize, and
disseminate implicit knowledge. Additionally, knowledge productivity appears not to be
an inborn capability, but, rather, is accumulated by professional knowledge building [41]
that produces a deeper understanding in more complicated domains than knowledge
exchange [42]. Being a professional involves producing solutions for actions and building
knowledge progressively using a knowledge base; however, knowledge and action seem to
be distinct or disconnected. Communication with professionals who grasp the nature of
knowledge and who have a view on how it will be acquired and organized in the mentoring
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process is the way to unfold knowledge and collaboratively build knowledgeable action in
practice situations [41]. Consequently, the following hypothesis is proposed:

H4: A learning environment that facilitates sufficient interactivity with professional communities
positively affects knowledge construction.

In a broad professional community, knowledge, experience, and wisdom from older
and more experienced professionals are valuable sources of learning that cannot be ignored.
Mentoring is an efficient learning strategy used in higher education environments to
enable learners to connect to a pool of intellectual knowledge and to take advantage of
these valuable resources [3]. Mentors have more experience and should guide the mentee
with patience, positivity, and openness to provide help, instruction, encouragement, role
modelling, and emotional support [23].

Depending on many criteria, such as the learning goals, the organisational factors
(culture, structure, strategies, or policies), or individual situations, mentoring occurs in
different forms of learning, namely, traditional mentoring, peer mentoring, group mentor-
ing, reverse mentoring, or situation mentoring [24]. Regardless of any type of learning, the
success of a mentoring process is measured based on the satisfaction of both partners and
their achievements. These outcomes depend on the establishment of a solid relationship
between mentors and mentees, which is built by matching the right mentor with the right
mentee, and needs to be maintained along the learning pathway [26]. It is not intended that
a mentor provides solutions to various problems, but that they actively listen to ascertain
the learners’ interests and needs, determine the goals together, and build trust. After this,
the mentor assists the learners in finding resources, imparting knowledge, explaining,
discussing, and developing ideas, sharing experiences and mistakes, observing learning
processes, providing constructive feedback, and also encouraging and inspiring learners to
reach their goals [43]. Hence, the following hypothesis is proposed:

H5: A learning environment that facilitates sufficient interactivity with professional communities
positively affects idea generation and guidance.

For a successful mentoring process, establishing the goals to pursue may be especially
important and should be a collaborative progress. Depending on the learners’ knowledge
base, experience, and improvement throughout the mentoring relationship, partners need
to keep the learning progress on track, as well as clarify and constantly reconsider the
learning goals to achieve a satisfactory outcome [34]. The consentaneous target results in
a higher quality mentor–mentee relationship and a greater sense of attainment [44]. By
receiving support and guidance from facilitators, learners can be oriented to smarter goals,
be inspired in the cycle of learning, and be guided to stay on the right track to success.
Moreover, they not only receive valuable knowledge and experience, but they also acquire
skills, gain mastery, and develop maturity [24].

Thus, this paper proposes the following hypothesis:

H6: Idea generation and guidance in e-mentoring effectively improve learners’ engagement.

A learner-centric approach, which is referred to as the outcome-based approach or
what the learner is expected to achieve at the end of the learning period, has become an
international trend in education [45]. Moreover, “smart” in a smart learning environment
refers to the flexibility and adaptability framing the learners’ targets [7]. This means peda-
gogies can be adjusted suitably depending on the learners’ progress, which needs to be
monitored and evaluated regularly. These processes are complex, difficult to perform, and
take much time and effort. However, partners who immerse themselves in a smart learning
environment should be assisted in monitoring their learning progress, such as recognizing
how much work the learners have done or knowing about peers’ contributions, which can
prompt learners to adjust their behaviours or give ideas to mentors in relation to modifying
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the curriculum [46]. In doing so, the mentor will understand a learner’s perceived capacity
and how they interpret knowledge; hence, the learner will be guided to correct any mis-
conceptions and will accumulate knowledge and experience for new understandings and
interpretations [47]. Thus, this paper proposes the following hypothesis:

H7: A learning environment that facilitates a learner-centric curriculum improves knowledge con-
struction.

Knowledge construction in higher education is important because it ensures that
students are experiencing meaningful learning [48]. People may often understand and
interpret the same things in different ways [49,50]. The ability to exchange information,
develop arguments and justifications, and make decisions are attributes that help learners
become critical thinkers with the ability to construct knowledge at high levels [48]. In
the mentoring process, a facilitator’s role, wisdom, experience, and ability help to link
knowledge into a structure to guide, support, and direct students as they advance their
understanding of learning. Thereby, the location of the knowledge base is shifted from
the “outsider”, or expert perspectives, to “insider” perspectives [51]. In this way, learners
achieve rich and coherent knowledge structures, which appear as a deeper understanding
of a field and an easier activation of new knowledge [35]. Hence, the following hypothesis
is proposed:

H8: Knowledge construction in e-mentoring effectively improves learners’ engagement.

The research model focuses on the principal ideas of collaborative learning and e-
mentoring, which provide learners with various opportunities to immerse themselves
in a broad professional learning environment. Knowledge, experience, and skills are
accumulated naturally via active and flexible pedagogies. Along with research theory,
this paper also concentrates on developing these efficient pedagogies in a smart education
environment, supported by advanced technologies in which learning activities are logically
organized to engage learners in an efficient learning pathway. As a proof of concept, the
model is implemented as a web application to provide a clear and practical method that
allows a multifaced concept to be explained visually and easily.

4. Implementation

In this section, the model is visualized as a web application to demonstrate the effec-
tiveness and flexibility of two smart pedagogies, collaborative learning and e-mentoring.
The application is built using the PHP programming language with the My SQL database
for reliability and flexibility. The user interfaces are designed using a front-end framework,
Bootstrap, to create a dynamic, consistent, and responsive web application. The application
dashboards are classified into two sessions based on the two types of users involved in
the learning process, namely, learners and teachers. This framework is designed to be
governed by the admin, who assigns appropriate rights to certain users. All the users have
the same rights to access collaborative learning functions, just different ones between team
leaders and members. However, mentors and mentees are responsible for specific tasks, as
mentors manage all learning activities and mentees have permission to conduct activities
that mentors assign to them.

As shown in Figure 4, the different components contributing to collaborative learning
and e-mentoring help learners succeed in their learning pathways. However, collaborative
learning and e-mentoring take place in separate processes. The following sections explain
each component that is integrated into the learning process in more detail to raise awareness
of the way to conduct learning activities effectively and provide an in-depth understanding
of the proposed model in this research.
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4.1. Collaborative Learning

Collaborative learning occurs when a group of students or a group of teachers are
guided by a facilitator to solve a problem, carry out a task, or learn a new concept. Goal
achievement is driven by exchanging knowledge and experience (as addressed in H1), in
which peer interaction and resource-sharing activities are key aspects supporting learners
in the learning process (H2 and H3). As stated in H2 and H3, the implementation should
involve the design of a learning environment that assists learners to work in a productive
group wherein they maintain positive communication and share resources effectively.

However, not all groups foster effective collaboration because of the differing cog-
nitive, social, emotional, and academic status of the participants [22], resulting in a lack
of collaborative skills, free-riding behaviour, or unequal participation [19]. Therefore, it
is important to build the right group at the beginning of the process because an effective
group strengthens collaboration and avoids internal competition. As shown in Figure 5,
the application offers users two flexible choices to join the most suitable group, namely,
(1) sending a request to an existing group and becoming a member after the request is
accepted or (2) being added to a new group. Collaboration activities occur after the group
has been formed successfully and are completed when the common goal has been achieved.

Figure 5. Collaborative learning process.

The application is designed to help members engage in the learning process with
multiple detailed activities. Firstly, they can engage in peer interactions (addressed in H2)
in a joint workspace asynchronously with discussion boards to handle issues and keep
track of each other’s contributions to achieve a common goal or synchronously with video
conferences and appointments. Moreover, they can easily share diverse resources and
access those of others using a shared repository (H3). Peer review is a specific collaboration
activity where users assist peers to improve the overall quality of their academic work.
Figure 5 illustrates the collaborative learning process.

As shown in Figure 6 above, a user can successfully perform collaborative learning
processes from building a group to completing their group’s activities. A user can join an
existing group by selecting “Search Groups” and sending requests that are managed in
“Manage Group Requests”. Moreover, a user can create a new group and send requests
to other users asking if they want to participate. The “Manage My Requests” function
manages all the requests sent directly to the user, which the user can choose to join the
group or decline. A member of a group has permission to conduct all learning activities via
“Manage Group detail”, “Peer Reviews”, and learning synchronously with appointments.
To clarify H1, H2, and H3, this section visualizes several specific processes using user
interfaces, in particular, (1) joining an existing group by making a request, (2) creating a
new group, and (3) peer reviewing.
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Figure 6. Functional organization of collaborative learning.

4.1.1. Join an Existing Group by Making a Request

In cases where a user wants to participate in an existing group, the application should
support the user easily using the following steps: (1) searching groups with several criteria,
as shown in Figure 7, (2) sending a request directly to a group or viewing the detail of a
group and then sending a request, and (3) waiting for the approval, as it can be accepted
or declined.

 

Figure 7. Search groups.

Requests to join a group are displayed when members open the group’s details
(Figure 8). Members can view the details of the request (Figure 9); however, only the team
leader has the right to accept or decline requests. After being accepted, the user becomes
a member of the group. Otherwise, the declined requests are sent back to the user with
suitable reasons.
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Figure 8. Details of the group.

 
Figure 9. Details of the requests.

4.1.2. Create a New Group

At the beginning of a learning process, a new group is usually created with detailed
information (major, learning’s goal, start day of learning, description). The creator of the
group will add new members by searching for peers and sending requests to ask members
to join the group. As shown in Figure 10, a new group is built using the following steps:
(1) inputting and saving the details of the group, (2) searching for peers using specific
criteria, and (3) sending requests to learners asking them to join the group.
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Figure 10. Create a new group.

All the requests to join a group are sent directly to the user with the group list
(Figures 11 and 12). The user views the detailed information and chooses to join the
group or decline with their reasons.

 
Figure 11. Group list.
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Figure 12. Group requests.

After becoming a member of a group, users engage in learning activities directly using
the group’s detail interface (see Figure 8). Learners have the opportunity to share resources
with each other and participate in interactions by joining discussions and meetings.

4.1.3. Peer Review

Peer review is a specific kind of collaboration, with the objective of improving the
overall quality of an academic task. Figure 13 shows the details of a review work. After
receiving and accepting a request to be a reviewer, the user undertakes the process by
viewing the details of a peer’s work, downloading the paper, and leaving comments or
uploading the reviewed file.

 

Figure 13. Reviewed peer paper.

The authors are able to easily follow all the reviews by viewing the details (Figure 14).
After each review, the author can upload the most recent file and send another review
request. This process is conducted iteratively until all the work has been accepted and the
paper is published.
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Figure 14. View review detail.

4.2. E-Mentoring

As shown in Figure 4, interactivity with professional communities (addressed in H4
and H5) and learner-centric curriculums (H7) are two core features contributing to the
success of the mentoring process. Therefore, by being immersed in e-mentoring, learners
should be supported to engage in a learning environment that facilitates a broad connection
with professional communities and flexible learner-centric curriculums.

A mentoring and learning process begins after mentors and mentees have been
matched successfully. Mentees engage in learning activities, such as conducting lessons
and assessments and joining in online classes and discussions. During a learning process,
mentors monitor the improvement of mentees and then adjust curriculums to be more
effective for learners, focusing on the learners’ goals. By that, the implementation logicizes
mentoring processes as the model below (Figure 15)

 

Figure 15. E-mentoring process.

When engaging in the e-mentoring process, although mentors and mentees carry out
some tasks similarly in comparison with collaborative learning, the responsibilities of men-
tors and mentees are disparate. As shown in Figure 16, a mentor who can be a facilitator,
an instructor, or a supervisor has a right to create a group of mentees by performing the
“Match Mentoring Group” function. The mentor organizes learning activities by managing
mentoring details, setting up appointments, and adjusting lessons and assignments accord-
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ing to learners’ progress. Another way for a mentee to participate in a mentoring process
is to search for a mentor who is suitable for the mentee’s requirements and send requests,
which are managed in “Manage My Requests” (as shown in Figure 17). These requests can
be accepted or declined by the mentor using the “Manage Mentoring Requests” function
(Figure 16). The mentee completes learning activities in “View Mentoring detail” and tracks
the results of completed lessons and assignments in “View Learning progress” (Figure 17).

 

Figure 16. Functional organization of e-mentoring for mentors.

 

Figure 17. Functional organization of e-mentoring for mentees.

This section explains the process of matching a mentor with a mentee, which is the
first and most important process in ensuring the effectiveness of the interactions between
the mentor and the mentee (H4 and H5). Moreover, this section clarifies the adjustment of
learner-centric curriculums in H7 using the monitor-learning process interface.

4.2.1. Matching Mentor–Mentee

Ragins and Kram [13] proposed that an initial match has a significant effect on the
relationship between mentors and mentees and the e-mentoring process. Approximately
95% of participating mentors and mentees are satisfied with mentoring processes if they
are able to search for the most suitable matches. Hence, to help learners interact effectively
with a wide range of professional communities, the application should offer users the
chance to look closely at the online matching system, in which both mentors and mentees
complete their profiles with their interests and preferences. Suggestions based on common
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preferences, such as majors, interests, and research fields are given. Then, using a sophis-
ticated computer algorithm, the system presents some potential matches and gives the
mentee the opportunity to select the most suitable one.

The tasks of matching appropriate mentors and mentees should be based on trust
and flexibility. Based on the different types of mentoring, such as traditional mentoring,
peer mentoring, group mentoring, or situation mentoring, the application supports the
matching process in two ways, namely, (1) creating an obligatory mentoring group and (2)
creating a free mentoring group.

4.2.2. Creating an Obligatory Mentoring Group

An obligatory mentoring group is a group that requires participants to join the mentor-
ing process. Only mentors have permission to create a matching, as illustrated in Figure 18.
Mentors and mentees are added to the mentoring group by being searched according to
the criteria or directly by name. With the input information, the group is created, and the
mentoring process has begun.

 

Figure 18. The process of matching mentors and mentees.
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4.2.3. Creating a Free Mentoring Group

The matching process in a free mentoring group is performed by the learners. If
learners want to be mentored in relation to a particular skill or if they want to learn a
new concept, they can easily search for mentors by inputting specific criteria, such as the
skills the learners want to improve and the requirements the mentors must possess. Then,
the learners choose an appropriate mentor and send a request (Figure 19). However, the
mentoring process starts when the mentor accepts the request. Otherwise, the learners
continue with the matching process to find a suitable mentor.

 
Figure 19. Search mentors.

Similar to collaborative learning, mentees engage in learning activities that are de-
signed and adjusted by mentors to support learners in reaching their goals more effectively.
After this, the mentees have the responsibility to carry out all the tasks, including participat-
ing in lessons and completing assignments, which will be used to evaluate their learning
process. Moreover, they can share their own resources and manage their discussions
(shown in Figure 20).
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Figure 20. Mentoring detail.

4.2.4. Monitor the Learning Process

At the beginning of the mentoring process, a mentor decides what pedagogies are
suitable to help the mentees achieve their goals. Throughout the learning process, the
mentor monitors the mentees’ progress (shown in Figure 20) and adjusts the objectives of
the lessons and activities to suit the learners’ goals. The evaluation is based on how well
the learners complete the tasks based on the due date and the level they achieve for each
activity (Figures 20 and 21).

 

Figure 21. Learning progress.
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This implementation section shows how collaborative learning helps learners acquire
knowledge from their interactions with peers and resource sharing. Moreover, learners
are able to achieve their goals more easily and effectively through their connection with
a wide professional community and suitable curriculum adjustments in the e-mentoring
process. However, to demonstrate the usefulness of the proposed model and the feasibility
of its implementation, evaluation is necessary. The evaluation stage is detailed in the
next section.

5. Evaluation

This research centres on enhancing collaborative learning and e-mentoring in a smart
education system in the higher education sector to foster the learners’ skills. The evaluation
stage plays an important role in demonstrating the feasibility and efficiency of the proposed
model. Hence, we conducted surveys with the facilitators and learners who are currently
working or pursuing a postgraduate qualification in eleven universities and academies in
the Vietnamese military. The reason for conducting the surveys in these institutions is due
to their plans to develop a smart education environment and the need to connect learning
communities in specific fields. It was anticipated that the questionnaires would uncover
useful ideas and varying opinions from the participants on their experience of moving
from a traditional learning method to a smart learning approach. The questionnaires were
designed using the Google Form application because they are easily created and shared
online; moreover, participants can use any mobile device, tablet, or computer to respond,
and the results can be analysed in real time.

Two surveys were used for the evaluation, one for facilitators and the other for learners;
this is because the success of applying a new learning strategy is evaluated based on the
satisfaction and effective collaboration between learners and facilitators. Data analysis
was performed using SPSS, and the statements and descriptive statistics are shown in
Tables 1–3. The two questionnaires had the same structure, but the questions varied. All the
questions were translated into Vietnamese to ensure the ideas were transparent and to avoid
misunderstanding. The questionnaires comprised two sections with optional textboxes
for the participants to comment on how the two learning strategies could be improved.
The first section focuses on initial ideas about how the system is mainly developed and
how the framework supports their learning. The second section provides an opportunity
for the learners to indicate their level of satisfaction with all the main functionalities that
the tool supports, which are (1) collaborative learning: search groups and join an existing
group, create new group, collaborative learning activities, and peer reviews, and (2) e-
mentoring: create an obligatory mentoring group, create a free mentoring group, manage
and conduct mentoring activities, and monitor the learning process. We provided step-by-
step instructions with screenshots of the main interfaces of the experiment tool before they
attempted the survey questions and were given the URL of the platform to participants.
Therefore, participants had a clear view of how to conduct collaborative learning and
e-mentoring tasks before experiencing the main features through the tool. The participants
were required to express their level of agreement or disagreement using a 5-point Likert
scale from 1–5 to indicate their response as either strongly disagree, disagree, neutral, agree,
or strongly agree, respectively.

Table 1. Descriptive statistics of the facilitators’ agreement with each statement of the survey.

# Question # Question

Section 1
1. Learners should actively discuss and maintain interactions to
acquire in-depth knowledge and accumulate soft skills for their
future work.

2. Maintaining interactions with each other will help learners
exchange knowledge and experience.
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Table 1. Cont.

# Question # Question

 
 Strongly disagree 

 Disagree 

 Neutral 

 Agree 

 Strongly agree 
 

 
 Strongly disagree 

 Disagree 

 Neutral 

 Agree 

 Strongly agree 
 

3. Resource-sharing repositories help learners exchange
knowledge and experience.

4. The support of mentors to construct knowledge is vitally
important for learners to achieve their goals.

 
 Strongly disagree 

 Disagree 

 Neutral 

 Agree 

 Strongly agree 
 

 
 Strongly disagree 

 Disagree 

 Neutral 

 Agree 

 Strongly agree 
 

5. Connecting to a wide range of professional communities
gives learners the opportunity to receive effective guidance.

6. Connecting to a wide range of professional communities
enables learners to construct knowledge.

 
 Strongly disagree 

 Disagree 
Neutral 
Agree 

 Strongly agree 
 

 
 Strongly disagree 

 Disagree 
Neutral 
Agree 

 Strongly agree 
 

7. An effective method to help learners acquire valuable
knowledge and skills is to provide feedback and guide them to
generate ideas rather than to simply give them the solutions.

8. An effective method to assist learners in achieving their goals
is to design a specific curriculum based on their levels
and improvements.

 
 Strongly disagree 

 Disagree 

 Neutral 

 Agree 

 Strongly agree 
 

 
 Strongly disagree 

 Disagree 

 Neutral 

 Agree 

 Strongly agree 
 

Table 2. Histogram showing the results of the facilitators’ survey when using the tool.

# Question # Question

Section 2
1. The tool would help me find an existing group. 2. The tool would help me build an effective learning group.

80



Computers 2024, 13, 28

Table 2. Cont.

# Question # Question

3. The tool would help me manage the peer review easily and
effectively.

4. The tool would provide a clear view of the learners’
background and their goals.

5. The tool would help me organize lessons and resources more
effectively.

6. The tool would help me to monitor each learner’s
improvement process.

Table 3. Descriptive statistics of the learners’ agreement with each statement of the survey.

# Question N Min Max Mean Std. Dev.

Section 1

1 Exchanging knowledge and experience would foster my in-depth
understanding and necessary skills. 388 1 5 4.29 1.165

2 Interactions amongst peers would effectively help me exchange
knowledge and experience. 388 1 5 4.26 1.082

3 Resource-sharing repositories would effectively help me exchange
knowledge and experience. 388 1 5 4.18 1.147

4 The guidance and support of mentors in generating ideas are vitally
important for me to stay on the right path to success. 388 1 5 4.30 1.085

5 The support of mentors in constructing knowledge is vitally important
for me to achieve my goals. 388 1 5 4.29 1.049

6 Connecting to a wide range of professional communities would provide
me with the opportunity to receive effective guidance. 388 1 5 4.25 1.062

7 Connecting to a wide range of professional communities would provide
me with the opportunity to construct knowledge effectively. 388 1 5 4.24 1.070

8 A flexible curriculum which is adjustable based on my level and
improvement would help me enhance my knowledge. 388 1 5 4.30 1.078

Section 2
9 The tool would help me find an existing group easily. 388 1 5 4.12 1.037
10 The tool would help me build an effective group of learning. 388 1 5 4.08 1.013

11 The tool would help me maintain interactions constantly and
conveniently. 388 1 5 4.13 1.010

12 The tool would help me share and access resource repositories easily. 388 1 5 4.16 0.972
13 The tool would help me to perform a peer review easily and effectively. 388 1 5 4.13 0.998

14 The tool would provide me with the opportunity to connect to a wide
range of professional communities. 388 1 5 4.12 1.010

15 The tool would help me to choose mentors who are well-matched with
my requirements. 388 1 5 4.18 0.957

A total of 172 completed questionnaires were received from the facilitators. Interest-
ingly, the participants expressed diverse views in their responses to the questionnaire, but
the majority of respondents agreed with most of the questions in the questionnaire. The
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first three questions evaluated to what extent they agreed with the idea that collaborative
learning helps learners achieve their goals (addressed in H1, H2, and H3). The first question
evaluated whether learners should discuss and actively maintain interactions with facilita-
tors to acquire in-depth knowledge and soft skills to benefit them in their future careers.
The second question evaluated the idea that the interactions would help learners exchange
knowledge and experience. The third question evaluated whether resource-sharing reposi-
tories would help learners exchange knowledge and experience. About 92% to 95% of the
participants agreed and strongly agreed with the ideas presented in questions 1–3, while
less than 6.4% disagreed.

The next five questions evaluated the respondents’ level of agreement that e-mentoring
assists learners in succeeding in their learning pathways. To evaluate H8, the fourth
question asked the respondents to rate their level of agreement on the importance of the
mentors’ support in constructing knowledge in relation to the learners’ success. Nearly
95% of the participants answered that this support is extremely important for learners. The
fifth and sixth questions evaluated the respondents’ level of agreement with the notion that
connecting to the wider professional community provides learners with more opportunities
to receive guidance and to be assisted in constructing knowledge (addressed in H5 and H4).
The majority of respondents (94.2% and 93.6%) agreed with questions 5 and 6, respectively.
The seventh question evaluated whether an effective method to help learners acquire
valuable knowledge and skills is to provide feedback and to guide them to generate ideas
rather than to give them the solutions (H6), receiving a 92.5% positive response. The eighth
question evaluated to what degree the respondents agreed that an effective method to assist
learners in achieving their goals is to design a specific curriculum based on their levels and
improvements (H7), receiving a 95.3% positive response.

In the second section, after performing a set of tasks and experiencing the features
of the tool while following the given instructions, the participants were asked to rate the
statements on a five-point Likert scale. As shown in Table 2, there are six statements in the
second section, three addressing the effectiveness of the application in supporting learners
in a collaborative learning setting and the other three addressing the effectiveness of the
tool in assisting learners in e-mentoring. Statement 1 and statement 2 address the first stage
in collaborative learning, where learners want to participate in a suitable group by finding
and asking to join an existing group or build a new group. Most participants indicated that
they thought the tool supported learners easily, with 91.3% finding an existing group, and
92.4% forming a new efficient group. Moreover, 91.3% of the participants strongly agreed
and agreed with the effectiveness of managing the peer-review works, which is addressed
in statement 3.

The last three statements required the participants to evaluate the effectiveness of
several specific features of e-mentoring. The majority of participants agreed with the
statements. In response to statement 4, 91.9% of participants agreed that the tool provided
a clear view of the learners’ backgrounds and goals. Because organizing lessons and
learning resources are similar in collaborative learning and e-mentoring, statement 5 asked
the participants to indicate what they thought of this feature in the tool. Only 4.7% of
participants stated that the tool did not assist them in managing lessons and resources
effectively, whereas 94.2% provided contrary responses. For the last statement, 93.6%
of participants indicated that they felt the tool helped them to monitor each learner’s
improvement effectively.

As for the learners’ survey, in total, 388 completed responses were received. The
content of the first section of eight questions for the learners was the same as the first
section for the facilitators; however, it focused on the learners’ perspective. The results
shown in Table 3 with mean values greater than 4.20 indicate a high level of agreement for
all the questions. Moreover, the next seven statements in the second section evaluated the
satisfaction of learners in experiencing collaborative learning and e-mentoring. Learners
were provided with detailed instructions on how to find an existing group or create a new
group with common goals, as well as the ways they maintain interactions, share resources,
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perform peer-review works, connect to a wide range of professional communities, and
choose mentors who are well-matched to their requirements. Considering the mean and
standard deviation scores for each statement, most items have a mean value of between
4.08 and 4.18 and a standard deviation of around 1, which indicates that the participants
agreed with all the statements and formed similar opinions, while the minority rated the
application as not really effective in terms of supporting their learning.

Two open-ended questions invited participants to write comments about the tool. Of
the 172 surveys completed by the facilitators, a total number of 97 responses were received
for collaborative learning, and 92 responses were received for e-mentoring. The results
show that almost all facilitators were interested in the way the application supported
them in exchanging and learning with their colleagues and more experienced professors
and guiding their learners. Some of their positive feedback statements are “It is great
that we have been given various opportunities to connect to experts in different fields”,
“Reviewing academic work is much quicker and more effective as authors and reviewers
can do the work directly with the tool”, “The tool helps us to monitor and evaluate
the learning processes visually; also, discussion boxes encourage learners to share their
thoughts naturally which enhances our professional ethics and pedagogical skills”. We
also received some useful comments to improve the application, for example: “The team
leader should understand the strengths and the weaknesses of each member to assign
suitable tasks”; “Each member in a group should take a specific responsibility which
would be checked regularly to ensure the efficiency of the group”; “If a mentor declines a
learner’s request, the tool should suggest other mentors who are suitable in relation to the
learner’s criteria”.

Of the 388 responses from the learners, 177 responses were received for collaborative
learning, and 174 responses were received for e-mentoring. Similar to the facilitators’
surveys, most of the learners expected to experience new learning approaches that would
help them reach their goals by flexibly connecting them with a wide range of professional
communities and providing various opportunities to communicate and exchange knowl-
edge. Many of the learners’ comments express their positive experience with the tool:
“The tool helps us to not only be receivers of knowledge but also sharers which ignites our
passion and helps us to assert ourselves”; “The tool provides us with a comfortable learning
environment as facilitators or mentors accompany us through the learning process”; “We
were really impressed with the e-mentoring strategy which suggests suitable mentors
based on our requirements with useful information, so we could make an effective choice”.
Moreover, several comments aiming to improve the tool are “The team leader should take
the responsibility to monitor, give instructions, and manage the group’s activities to ensure
the effectiveness of the group”, “Resource sharing should be reviewed and approved
before updating to the common repository to ensure the scientific quality of resources”,
“For each group, the number of members should be limited to make effective use of each
member’s responsibility”, “To perform the two learning strategies effectively, besides the
flexibility, the learning program should be varied with diverse activities to engage learners,
or combine different learning strategies flexibly”.

The large number of positive results and feedback indicates the feasibility and ef-
fectiveness of the research. Both learners and facilitators are expecting an educational
transformation to more modern and flexible learning approaches, as collaborative learning
and e-mentoring become two learning strategies that effectively assist them in succeeding
in their learning pathways. Moreover, the designed functions ensure that the learning pro-
cesses are smoother and more effective, and participants strongly believe that the proposed
framework will meet their expectations. However, the learners’ suggestions indicate that
the framework should be improved to assist facilitators and learners more efficiently and
more rigorously in assigning members’ roles, limiting group numbers, and improving the
quality of the resources in shared workplaces, where the integration of supporting tools
can be considered if deemed necessary.
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6. Conclusions

Implementing a smart education system is important in today’s era of digital trans-
formation. A smart learning system comprises intelligent pedagogies in a sophisticated
learning environment supported by technological advances to foster a competent work-
force. In addition to mastering foundation knowledge and skills, learners are required
to acquire certain competencies to successfully perform all the tasks associated with the
changes in today’s highly technological society. Learners are no longer studying alone, or
within the boundaries of their training institutions, but are exposed to valuable opportuni-
ties to learn from colleagues or strengthen their knowledge and skills by connecting to a
wide body of professional communities. The purpose of this research is to propose a smart
learning system that enhances collaborative learning and e-mentoring in higher education.
The framework comprises two effective learning strategies, namely, collaborative learning
and e-mentoring.

To address the theory effectively, we proposed a model with a set of hypotheses. We
argued that a learner’s achievement and motivation can be enhanced by collaborative
learning and e-mentoring. Furthermore, when engaging in high-quality social interaction
and resource sharing, learners are exposed to valuable opportunities to exchange knowl-
edge and experience. E-mentoring assists learners in overcoming difficulties in gaining
mastery of new skills and knowledge by providing a learning environment where they can
connect to professional communities and experience flexible curriculums that are adjusted
to be more suitable for learners’ improvement. Through e-mentoring, learners receive
personalised guidance in generating ideas and constructing knowledge to improve their
skills and develop self-confidence [29].

The paradigm has been implemented as a web application to demonstrate the ef-
fectiveness of the proposed model in a smart education environment. The collaborative
learning framework enables users to build a group with common goals or to search for a
group that has the same goals as they do. They engage in learning using a joint workspace
where they can share resources, learn new concepts, discuss and deal with uncertain theo-
ries, and construct ideas together. Moreover, the application enables them to learn both
synchronously and asynchronously using a range of multimedia and devices.

Similarly, in this framework, e-mentoring assists learners from the matching stage
onward to maintain mentor–mentee relationships and evaluate the results. Mentees can
be required to participate in the mentoring process, or they can proactively search for
mentors who meet their requirements. Learners engage in the learning process by fol-
lowing curriculums designed by mentors, including lectures and activities. The progress
of learners is monitored and evaluated based on their achievements and improvement,
which provides helpful evidence that can be used by mentors to access and improve their
learning programs.

To demonstrate the usefulness and feasibility of the proposed model, two surveys with
similar structures were conducted to evaluate the proposed framework and its functionality
from the perspective of facilitators and learners. The questionnaires were divided into two
parts, one focusing on the theory, which relates to the hypotheses about participants, and
the other, focusing on the implementation part. The questionnaires were designed in the
Google Form application in the Vietnamese language because all participants are working
and pursuing postgraduate programs in Vietnamese military academies. Our purpose
was to collect feedback on whether facilitators and learners agreed with the statements
describing how collaborative learning and e-mentoring assist learners to be successful. The
great majority of respondents agreed with all the statements with constructive comments.
Thus, the research model is effective in addressing the requirement of developing a smart
education environment for a future high-quality workforce.

This study analyses how collaborative learning and e-mentoring support learners
in higher education. The evaluation was conducted in a specific learning environment,
namely, Vietnamese military institutions, because this organization is pushing for the
implementation of a smart education platform and the requirements of working coopera-
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tively and connecting across the organization. To broaden the intelligent features of these
two learning approaches so they are applicable to different learning environments, future
research will examine whether they support learners in other learning environments, such
as vocational education or secondary education, and more responses from various types of
learners will be collected.

The framework also helps learners complete learning activities, as they can study
synchronously or asynchronously, and question, refer, and respond to one another’s ideas
via discussion boxes. However, participants require diverse activities to motivate and
engage them in the learning process. Learners with different levels of knowledge and
experience may expect specific activities that not only build teamwork skills but also
immerse learners in interactive problem-solving scenarios. One of the growing trends
of education that needs to be considered as a learning activity in future research is the
gamification of virtual reality, especially in the case of training practice skills for specialists
using modern digital solutions, such as in the mining [52] and medical fields. A successful
course includes a vibrant mix of activities, which requires future work to identify which
will be the most suitable for learners and integrate supporting components to the tool
as necessary.

Additionally, the framework helps learners by suggesting groups or mentors that are a
suitable match based on specific criteria, such as their goals, required qualifications, majors,
and years of experience. Without assistance from the framework, learners may experience
difficulties searching for an appropriate mentor or group from a large professional commu-
nity. Throughout the learning process, the facilitators monitor the ways learners complete
assigned tasks and evaluate and adjust the curriculum to better suit the learners’ goals. For
this reason, to provide learners with a more sophisticated learning environment, future
work will integrate AI and machine learning algorithms to undertake an advanced analysis
on the platform to recommend a better matching process and suggest the most suitable
learning curriculums for individuals based on their requirements, personality traits, and
learning habits.

In this research, the main focus was on two learning approaches, collaborative learning
and e-mentoring, both of which help learners achieve their academic goals by connecting
them to a wide range of professional communities. However, there are countless peda-
gogies that can engage learners and help them develop higher-order thinking skills and
understand how to relate their learning to the world around them. Flexibly implementing
different pedagogical techniques in a smart educational environment is of vital importance
to ensure that learners can tackle learning in a way that best meets their needs. Future work
will investigate other learning strategies to gain a deeper grasp of which pedagogy best
suits learners in specific circumstances. Pedagogical approaches for higher education that
can be considered are constructivist learning, inquiry-based learning, integrative learning,
and the reflective approach.
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Abstract: The intersection between technology and education has taken on unprecedented relevance,
driven by the promise of transforming teaching and learning through advanced digital tools. This
study proposes a comprehensive exploration of how cloud computing and artificial intelligence
converge to impact education, focusing on accessibility, efficiency, and quality of learning. A mixed-
research design identified a 25% improvement in the personalization of educational content thanks
to AI and a 60% increase in simultaneous user capacity through cloud computing. Additionally, a
significant reduction in administrative errors and improvements in scalability were observed without
sacrificing quality. The results demonstrate that these technologies not only improve efficiency and
accessibility in education but also enrich the learning experience. By comparing these findings with
previous research, this study highlights the synergistic value of these technologies and positions itself
as a critical resource to guide future developments and improvements in the education sector in a
digitally advanced world.

Keywords: artificial intelligence in education; cloud computing and scalability; optimization of
educational platforms

1. Introduction

In today’s digital age, technology has permeated every corner of our lives, reshaped
entire sectors, and redefined how we interact with the world and each other. One of
the domains that has undergone monumental changes thanks to technological advances
is education. Traditionally seen as face-to-face interaction in classrooms, education has
transformed, incorporating digital tools that promise to improve both the delivery of
content and the student learning experience [1]. To fully understand the impact of these
tools, it is essential to ask ourselves how and to what extent the integration of advanced
technologies, such as artificial intelligence (AI) and cloud computing, is really affecting the
educational process [2].

From the introduction of the first computer in a classroom to modern online learning
platforms, technology has promised to revolutionize education. However, it is crucial
to distinguish between simply adding technology to the educational process and using
it to transform education [3]. The former can be a simple additive, while the latter can
completely redefine how educational content is delivered and consumed. Historically,
technological advances have been viewed with optimism, from using radio and television in
education to adopting personal computers. Each innovation brought with it the promise of
revolutionizing learning. However, as [4,5] have pointed out, the true power of technology
lies in its ability to complement and enrich existing pedagogical methodologies rather than
simply replacing them. Along these lines, adopting cloud computing and AI is not merely

Computers 2023, 12, 223. https://doi.org/10.3390/computers12110223 https://www.mdpi.com/journal/computers88



Computers 2023, 12, 223

a fad; it is founded on a tradition of continuous improvement in education delivery, as
previous studies have highlighted [6,7]. However, despite the rich history of educational
technologies, the confluence of cloud computing and AI presents largely uncharted territory.
While previous works, such as [8,9], have examined these technologies in isolation, the
intersection of the two promises to unlock synergies that could exceed the sum of their parts.
This research is situated at this intersection, seeking to decipher the collective potential of
these technologies in educational transformation.

In this sense, cloud computing and AI are two of the most promising technologies for
this transformation. The cloud offers scalability and accessibility, eliminating physical and
geographic barriers. At the same time, AI promises personalization and efficiency, adapting
content to each student’s individual needs and offering educators valuable insights. While
many studies have focused on exploring the effectiveness of personal digital tools or
investigating the potential of specific online platforms, there is a gap in the literature
regarding how the combination of cloud computing and AI can be leveraged to maximize
educational benefits [10]. Furthermore, many of these studies have observed these impacts
from a purely quantitative perspective, leaving aside qualitative analyses that could offer a
deeper understanding of the student experience.

In this study, we look at technology integration, questioning whether these tools
are making a difference and how and why. Specifically, we seek to understand how
cloud computing and AI, together, can improve the accessibility, efficiency, and quality of
learning. However, despite technological optimism, it is imperative to examine how these
technologies translate into tangible educational impacts closely [11]. This study, therefore,
explores and quantifies such results.

The results obtained are enlightening, where it is discovered that cloud computing
has played an instrumental role in ensuring that educational platforms can serve a massive
number of users without compromising the quality of service [12]. On the other hand,
AI has proven to be a powerful tool, particularly in areas such as predictive analysis,
evaluation, and administrative support, with significant reductions in errors and palpable
improvements in content personalization [13].

The novelty of this study lies in its holistic approach. While others have focused
on individual pieces in the educational field, in this work, we try to obtain a complete
picture, integrating multiple variables and considering both quantitative and qualitative
data. This approach allows us to identify the tangible benefits of these technologies and
understand the underlying reasons behind these benefits, offering valuable insights for
educators, developers, and other stakeholders in the educational domain.

This article is organized as follows: Section 1 presents the Introduction, Section 2 delves
into the “Materials and Methods”, describing our methodology and approach. The primary
findings emerge in Section 3, “Results”, where the collected data are presented. In Section 4,
“Discussion”, we interpret and confront our findings with previous research. Finally, in
Section 5, “Conclusions”, we summarize our study’s key insights and contributions to
the field.

2. Materials and Methods

The methodology adopted in this research is based on a mixed approach, combining
quantitative and qualitative techniques to provide a holistic and multifaceted analysis of the
study problem. This combination allows you to capitalize on the objectivity and precision of
quantitative methods while incorporating the depth and contextual richness of qualitative
approaches [14]. In terms of scope, the study was designed with an exploratory and
descriptive nature [15]. While the experimental dimension seeks to identify and understand
new areas, trends, or patterns in computer-assisted learning, the descriptive component
focuses on detailing and characterizing current practices and tools, thus establishing a
complete overview of the current situation.
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2.1. Description of the Problem

Cloud computing has emerged as a promising tool in the educational sphere. It offers
outstanding potentialities, such as accessibility from anywhere in the world, the ability
to store large volumes of data and resources, and a platform for real-time collaboration.
However, although its application has extended the geographical boundaries of learning, it
has also revealed scalability problems [16]. As educational institutions seek to reach larger
audiences, they face the challenge of ensuring that the quality of education is not diluted
and that each student receives a personalized and enriching learning experience.

On the other hand, AI has proven to be a revolutionary tool in many sectors, including
education. The promise of AI lies in its ability to adapt and personalize educational content
based on students’ individual needs [17]. However, its application in distance education is
still in its early stages, and there are many unresolved issues about implementing it in a
practical, ethical, and accessible way.

The problem manifests itself at the intersection of these two technologies. How can
we effectively merge the scalability of cloud computing with the personalization of AI
to create a robust, student-centered distance education system? While each technology
alone has the potential to address specific aspects of the problem, their combination is
the key to resolving the inherent limitations of each. Furthermore, the rapid transition to
online learning modalities, accelerated by global events such as the COVID-19 pandemic,
has exacerbated these concerns [18]. Educators and administrators found themselves
navigating uncharted waters, searching for tools and platforms that can serve a growing
number of online learners without compromising quality. The demand for immediate
solutions led to a hasty adoption of technologies, some of which were not fully prepared to
meet distance education’s complex and multifaceted needs [19].

At the core of this work lies the aspiration to imagine the interactions and possibilities
at the confluence of cloud computing and AI within education. The exploration seeks to
discern how these emerging technologies can enhance distance education, offering scalable
and personalized solutions that respond to the growing demands of contemporary society.
Therefore, the methodological choice reflects this intention, oriented towards discovering
deep and applicable insights in online educational contexts.

2.2. Review of Similar Works

Computer-assisted learning has undergone rapid evolution with the emergence of
new technologies and teaching methods, which promise to transform education at unprece-
dented levels. The convergence of cloud computing and artificial intelligence has been one
of the most prominent trends in this change.

The study in ref. [10] illustrates how cloud computing has enabled unprecedented
democratization in access to educational resources. Institutions, particularly in developing
countries, have been able to transcend geographic and infrastructure limitations. However,
this work also emphasizes a critical observation: although scalability is a clear advantage
of cloud computing, customization and adaptability remain challenges.

On the other hand, ref. [11] highlighted the benefits of cloud-powered virtual class-
rooms, highlighting the ability of these platforms to adapt to changing scenarios, such
as the hasty transition to distance education during the recent pandemic [9]. However,
despite its flexibility and scalability, the study also pointed out a lack of personalization of
learning.

Entering the domain of AI [13] demonstrated how artificial intelligence can infuse
a level of personalization into the educational process that was previously unattainable.
They observed that systems that adapt content based on student behavior and responses
improve academic performance and student satisfaction. This sentiment was reiterated
by Zou and Chen, who described automatic adaptability systems, proposing a more
individual-centered education [14]. However, an evident gap in the existing literature is
the exploration of the confluence between cloud computing and AI in education. While
ref. [15] addresses learning analytics using advanced AI techniques and highlights the
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value of interventions based on real-time data, it falls short by not fully integrating the
benefits of cloud computing.

Other works, such as [20], examined how AI can improve the management and admin-
istration of virtual classrooms. Their study found that AI-based systems can automatically
optimize administrative tasks, freeing up valuable time for educators. Still, the lack of a
robust cloud-based infrastructure limited the large-scale implementation of their proposed
solutions. Furthermore, ref. [21] investigated the application of deep learning algorithms in
analyzing student behavior in virtual learning environments. They found that AI has signif-
icant potential to predict student performance and provide early interventions. However,
their study also emphasized the need for more robust computing infrastructures, such as
those that cloud computing can provide, to process and analyze large datasets in real-time.

It is essential to mention the work of ref. [22], which focused on developing MOOCs
using AI and cloud computing. His study provided a preliminary insight into how integrat-
ing these two technologies could create more effective and personalized virtual learning
environments. Given this review, it is evident that while there is extensive research in
individual areas of cloud computing and AI, there is a lack of studies that fully integrate the
two to transform computer-assisted learning. Our research seeks to fill this gap, providing
a holistic view of how these technologies can redefine the educational process.

2.3. Previous Concepts

To fully understand the scope and nature of the intersection between cloud computing
and AI in the context of distance education, it is essential to become familiar with some key
concepts [23]. These terms and definitions provide the theoretical and practical basis for
our study and have a solid background in the scientific literature.

• Cloud computing refers to providing computing services, including storage, process-
ing, and intelligence, over the Internet. Resources are rented as needed and accessed
over the web, allowing flexibility, scalability, and access from anywhere. This flexi-
bility is crucial to ensuring that AI-based applications perform optimally, accessing
resources as needed, and is supported by research such as [24,25].

• Machine learning, a subfield of AI, refers to the study of algorithms and statistical
models that machines use to improve their performance on a specific task. These
algorithms and models, such as neural networks, identify patterns and make decisions
without being specifically programmed to do so, allowing personalized adaptations in
real time [26].

• Distance education is a teaching method in which teachers and students are not phys-
ically present in a traditional classroom. Instead, they use technology to facilitate
interaction and access to course content, allowing learning without geographical re-
strictions. Works such as [9] have shown how the cloud has enhanced the adaptability
of distance education.

• Educational analytics involves collecting, analyzing, and presenting data related to
learning and teaching. It often relies on Big Data and AI tools, as seen in studies such
as [15], to provide valuable insights and further personalize the learning experience.

• Scalability refers to the ability of a system to handle an increase in workload or demand.
This is especially relevant in educational contexts where there may be peak demand,
and a system that can adapt quickly without losing quality of service is needed [27].

These concepts represent the basis of this exploration at the intersection of cloud
computing and artificial intelligence in education [28]. Each of them contributes to the
development of the method, helping to contextualize and focus this study on areas with
the most significant potential to drive innovation and positive change.

2.4. Method Design

In the methodological design of this research, a quantitative approach is adopted,
using numerical data to analyze and model the interactions between cloud computing and
artificial intelligence in educational contexts. These tools allow impacts and trends to be
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measured and quantified accurately. Regarding the scope, the investigation is oriented in an
exploratory and descriptive manner [29]. This means that while identifying and describing
emerging characteristics and patterns, we also seek to understand the implications and
possible applications of the findings in technology-enhanced distance education.

Figure 1 presents the critical phases of the research sequentially, from the selection
of participants to the recognition of limitations. Its structure highlights rigor in the data
collection and analysis, underlines the centrality of ethical considerations, and anticipates a
self-critical perspective by identifying study restrictions.

Figure 1. Methodological process for cloud computing and artificial intelligence in distance education.

The design of the method seeks to understand the confluence and synergy between
cloud computing and artificial intelligence in an educational environment. The use of the
cloud in the educational sector has democratized access to learning resources, allowing
students and teachers to access them anytime, anywhere [30]. This flexibility and scalability
are especially critical for educational institutions. However, beyond simple content delivery,
AI integration allows for an in-depth, real-time analysis of user interaction patterns with
these resources.

For example, with AI models, it is possible to identify how students approach content,
identify problem areas or topics that present more incredible difficulty, and provide, in
almost real time, personalized feedback or recommendations to improve the learning
experience. At the institutional level, AI can also forecast trends, such as the risk of student
attrition or emerging areas of interest, based on data collected in the cloud.

The proposed method is aimed at evaluating the cloud infrastructure. To achieve
this, it is necessary to understand the architecture, capacity, performance, and security
of the cloud environment of the educational institute. With the integration of AI, it is
possible to investigate how and to what extent AI is incorporated in this cloud environment
and what specific tools are being used, for example, recommendation systems, predictive
analysis, and automatic problem detection. For the evaluation, the collection and analysis
of data is essential; this considers the use of surveys, interviews, and platform records,
as well as the identification of concrete evidence of the impact of this integration on the
educational experience.

Figure 2 presents sequentially the flow of operations that integrates cloud computing
capabilities with artificial intelligence in an academic environment. This begins with data
collection in the cloud, which captures the essence of user access and interaction with
educational resources hosted in a virtual environment. AI integration then addresses the
processing and analysis of this data to extract behavioral patterns and areas of interest
or difficulty [27]. These insights generate personalized feedback and recommendations,
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providing students with an adapted and optimized learning experience. In the predictive
analysis phase, future trends are projected as possible academic challenges or emerging
topics. Finally, updating resources in the cloud reflects a cycle of continuous improve-
ment, where educational resources adapt and evolve based on the feedback and analysis
carried out.

Figure 2. How the integration of cloud computing and AI works in an educational environment.

2.5. Participant Selection

For selecting participants, it is necessary to establish the environment in which
this work is carried out, in which a technological institute of higher education partici-
pates with a student population of approximately 3000 students and a teaching staff of
50 professors. The institution emphasizes the importance of integrating cutting-edge tech-
nologies into its programs [24]. It has modern infrastructure, digital classrooms, and an
online learning platform that continues to grow and adapt to the demands of the current
educational environment.

Inclusion criteria:

• Students enrolled in training programs during the current semester.
• Teachers teaching at least one subject in online or blended mode.
• Active users of the online learning platform during the semester under study.

Exclusion criteria:

• Students who have not accessed the online platform in the last three months.
• Teachers who exclusively teach subjects in person and do not use digital resources.
• Administrative and technical support staff of the institute.

To ensure an equitable representation of students and teachers, stratified sampling
was chosen. Of the student population, 10% were randomly selected, resulting in 300
students. A sample of 20% of the teaching staff was taken, that is, ten teachers. This sample
size was considered adequate to represent the diversity of the academic community and
the variety in the use of technological tools at the institute [25]. With these selection criteria
and methodology, it is intended that the study participants reflect the reality of the institute
that participates in the study, thus providing a robust basis to develop and evaluate the
proposed method.
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2.6. Data Collection

The data collection process is carried out in a digitalized environment, facilitated
by the institution’s cloud-based LMS. The academic semester is expected to accumulate
approximately five terabytes of data derived from student activities. The platform’s interac-
tion logs have been considered among the primary data sources [31]. These files record each
student’s interactions, including access time, duration of sessions, and actions performed.
The accumulated data volume is around two terabytes from these logs.

Each student can take up to 20 evaluations during the semester. With 3000 students,
it is expected that 60,000 test results will be collected. This would represent around
500 gigabytes of data. Regarding surveys, these are textual and quantitative responses
from students. With a monthly frequency and a participation rate of 80%, approximately
24,000 reactions are accumulated, equivalent to 1.5 terabytes of data. These data include
test results, access times, and other data with a defined structure, representing about 60%
of the total data volume. Unstructured data encompass open-ended survey responses and
comments; they constitute approximately 40% of the entire data volume.

Several critical parameters and metrics will be adopted to evaluate the effectiveness
of the integration between the cloud platform and AI tools. These parameters include the
accuracy of AI predictions, error rate, and response time [32]. Specific hyperparameters for
the AI model will be tuned using a combination of grid search and Bayesian optimization.
For example, hyperparameters in a neural network model include the learning rate, the
number of hidden layers, and the number of neurons per layer.

2.7. Analysis of Data

The data analysis is essential to extracting meaningful insights from the large amount
of information collected. Given the complex nature of data and the integration of cloud
and AI, it is vital to ensure a rigorous and systematic analysis. The cleaning procedure
begins with identifying missing data, for which automated algorithms identify records
with missing or incomplete fields [33]. An imputation approach using the mean or median
is adopted for quantitative data, such as test scores. Qualitative data, such as comments or
survey responses, will be flagged for manual review.

Outlier elimination is carried out using outlier detection techniques, such as the IQR
or Z-score method, for which data that deviate significantly from the general behavior are
identified, eliminated, or corrected. Normalization and standardization, depending on the
analysis techniques to be applied, are carried out by adjusting the data between 0 and 1
or standardization (adjusting the mean to 0 and the standard deviation to 1) to guarantee
consistency and improve the effectiveness of the data—AI models.

As an analysis technique, a fundamental statistical analysis is used to identify the
data’s distribution, central tendency, and dispersion. Supervised algorithms, such as
logistic regression and neural networks, are also used to predict behaviors or ratings based
on past patterns [34]. For open-survey responses, an AI-based sentiment analysis is used to
gain insights into student perception and experience.

Cross-validation techniques are employed to ensure that AI models are robust and
generalizable, splitting the data into training and test sets multiple times. Another tool is the
confusion matrix; this will allow us to visualize the model’s performance, identifying true
positives, true negatives, false positives, and false negatives [35]. As performance metrics,
we will evaluate precision, sensitivity, specificity, and F1-score to obtain a complete view of
how the model performs in different aspects. Integrating these methods and techniques
ensures comprehensive and reliable data analyses, providing robust and reliable results
that can guide future pedagogical and technological decisions.

Mathematical equations representative of some key procedures employed in our
research are presented below to clarify the analysis methods. These equations form the
backbone of our analytical process.

Imputation using the mean:
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Where Xmissing is the imputed value for missing data and Xi are the observed values
of the dataset.

Xmissing =
1
N ∑n

i=1 Xi (1)

Z-score for outlier detection:

Z =
x − xmin

xmax − xmin
(2)

where:

• x is the value of the observation;
• μ is the mean of the population or sample;
• σ is the standard deviation of the population or sample.

Standardization
x′ = x − xmin

xmax − xmin
, (3)

where:

• x′ is the normalized value;
• x is the original value;
• xmax and xmin are the minimum and maximum values of the dataset, respectively.

Logistic regression equation (a simple model mentioned):

P(Y = 1) =
1

1 + e(β0+β1x)
, (4)

where:

• P(Y = 1) is the probability of the dependent variable;
• β0 is the intercept;
• β1 is the slope of the relationship;
• x is the independent variable.

F1-score:
F1 = 2 × precision × recall

precision + recall
, (5)

where:

• Precision is the precision of the model;
• Sensitivity (or recall) is the sensitivity of the model.

2.8. Ethical Considerations and Limitations of the Study

Before data collection, it is necessary to ask participants to provide informed consent. It
was guaranteed that their participation would be voluntary and that they could withdraw at
any time without repercussions; for this, all data collected must be anonymized to ensure no
individual can be identified. The databases used for the analyses have been encrypted, and
security measures have been implemented to prevent unauthorized access. Additionally,
the data collected should only be used for the specific purposes of the study. They should
not be shared for any other purpose without the explicit consent of the participants.

3. Results

Within the presentation of the results, it is essential to highlight that significant patterns
were identified in the scalability of digital educational systems after applying advanced
cloud analysis techniques powered by AI. These findings, intrinsically linked to the primary
objectives of our study, provide valuable insights into how cloud computing can positively
transform the educational experience.
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3.1. Simulation Environment and Methods

The simulations were carried out on high-performance machines with the following
specifications: 3.6 GHz Intel i9 processors, 64 GB RAM, and NVIDIA RTX 3090 graphics
cards with 24 GB GDDR6X. These features enable handling large volumes of data and
efficiently performing complex operations. From a software perspective, it was operated on
systems with Ubuntu 20.04 LTS, optimized for artificial intelligence and cloud computing
operations. The AI frameworks used were TensorFlow 2.4 and PyTorch 1.7, known for
their robustness and versatility in deep learning tasks. The datasets used included “Dataset
EduTech A” with 500,000 records and “Dataset B Learning Cloud” with 300,000 records.

The initial preparation of the simulation required meticulous setup. Initial parameters,
such as cloud configuration and AI variables, were set based on previous studies and
recommendations from experts in the field. The choice of these initial parameters was
crucial to ensuring that the simulations were representative and relevant. The simulation
was initially tuned with precise parameters. The cloud configuration was set with a limit
of 10 TB of storage and 20 vCPUs. AI variables such as learning rate were set to 0.001 and
batch size to 64, based on optimal results from previous research.

Simulation procedure: Once the configuration was established, the simulations were
executed. Each simulation was developed following a clearly defined sequence of events,
ensuring the process’s coherence and replicability. Throughout the simulations, decisions
were made based on the data dynamics and intermediate results, following previously
established protocols. The execution involved a total of 50,000 iterations for each simulation.
Each iteration had an average response time of 200 ms, ensuring smooth interaction with
the system and consistent data collection.

Evaluation criteria: To evaluate the results, specific metrics were defined. These
metrics, selected for their relevance and usefulness in the study context, offered an objective
evaluation of the simulation results. Each metric provided valuable information about
different aspects of the process and its impacts. The metrics used to evaluate the results
included precision, reaching at least 95%, and loss, with a reduction goal below 0.05. These
metrics were essential to understanding the effectiveness of the methods used.

Results validation: The results obtained from the simulations were subjected to a
rigorous validation process. To do this, they were compared with findings from previous
simulations, and cross-validation techniques were used. This step ensured that the results
were not just the product of anomalies or random variations but reflected genuine patterns
and trends. In addition to cross-validation, which used a separate dataset of 20% of the
total, the k-fold method with k = 10 was implemented to ensure the results’ robustness.

3.2. General Results

In the analysis, a significant sample of data was studied, covering the interactions,
usability, and effectiveness of the cloud platform regarding assisted learning methods.
Among the data, I identified the average accessibility as being 89%. This suggests that most
students and teachers accessed and used the cloud platform with ease. The accessibility
standard deviation of 7% is relatively low and indicates that accessibility was consistently
high across users, with few outliers. Furthermore, the system showed optimal performance
for 95% of simultaneous users, indicating robust traffic management capabilities.

The standard deviation of scalability is 5%; this figure highlights that the system
mostly operated to its average performance without large spikes in overload or downtime.
The range of AI use is between 70 and 100%; these values represent the minimum and
maximum percentage of students and teachers who benefited from the functions enhanced
by artificial intelligence on the platform. Figure 3 shows a bar chart comparing accessibility
and scalability at different points in the study, allowing for a clear visualization of how the
cloud platform performed over time.

96



Computers 2023, 12, 223

Figure 3. Comparison of accessibility and scalability by month.

Table 1 presents a detailed view of the tangible impact of implementing artificial
intelligence in different areas of a cloud-based educational platform. Notably, all areas
benefited in some way from the integration of AI, although to different magnitudes. For ex-
ample, the “Predictive Analytics” area shows an impressive 30% improvement in efficiency,
suggesting that AI’s ability to analyze and predict trends in student behaviors and needs
has dramatically enhanced the adaptability and reactivity of the platform. In addition, it
is relevant to highlight the “Reduction of errors” in the “Evaluations” segment, where a
30% decrease was experienced. This could be attributed to AI’s ability to evaluate more
accurately and consistently than traditional methods. However, there are areas such as
“Administrative Support” where the benefits, although present, are more modest, which
could indicate that there are still opportunities for improvement in these segments. Overall,
these data support the premise that when properly applied, artificial intelligence can lead
to significant advances in the efficiency and accuracy of online educational platforms.

Table 1. Summary of artificial intelligence usage metrics in impact areas.

Impact Areas Affected Users (n) Efficiency Improvement (%) Error Reduction (%)

Access to resources 2500 15 25
Collaboration 2100 20 18
Evaluations 2800 12 30

Real-time assistance 2300 22 20
Predictive analysis 1700 30 10
Content adaptation 2200 25 28

Interface customization 1900 20 15
Progress tracking 2600 18 22

Administrative support 1500 10 12
Resource optimization 2400 28 25

The metrics presented in Table 1 were obtained through a rigorous evaluation and
analysis. The “Affected Users (n)” column represents the number of users who directly
interacted with the AI features within each impact area, and these data were collected
directly from the platform’s interaction logs. “Efficiency Improvement (%)” was calculated
by comparing the speed and performance of tasks before and after implementing AI-based
functions. To ensure accuracy, these measurements were carried out using in-platform
monitoring tools and an A/B analysis. The “Error Reduction (%)” column was derived
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from user feedback reports and platform error logs, comparing error frequency before
and after AI integration. It is essential to mention that all metrics underwent an internal
validation process and were adjusted considering user variability and the context of use.

3.3. Detailed Results

The data are presented as detailed results that show the platform’s ability to handle a
greater number of concurrent users without degrading performance.

3.3.1. Impact of Cloud Computing on the Accessibility and Scalability of the
Educational Platform

With the growing demand for distance education and the need for a robust platform to
manage the increase in user traffic, an imperative requirement was observed to guarantee
accessibility and scalability. By migrating the educational forum to a cloud-based solution,
we seek to precisely address these challenges.

The data collected post-migration highlight the significantly improved ability of the
platform to handle increased numbers of concurrent users. Before deployment, notable
performance degradations were observed when more than 1500 users accessed the platform
simultaneously. Following the transition, the forum has been shown to support up to
3000 concurrent users with no evidence of degradation in user experience. A summary of
the results is presented in Table 2.

Table 2. Comparison of performance pre-migration and post-migration to the cloud.

Metrics Pre-Migration Post-Migration

Maximum concurrent users 1500 3000
Response time (seconds) 4–5 1–2

CPU usage (%) 80–90 50–60
Memory Usage (%) 85–95 55–65

Downtime (hours per month) 10 2
Operation cost (USD/month) USD 1200 USD 900

The metrics presented in the Table 2 emerged from extensive system monitoring before
and after migration to the cloud. The “Maximum Concurrent Users” metric indicates the
maximum number of users the system could support simultaneously without degrading
the user experience. “Response time” reflects the time the system takes to respond to a
user request, which is a critical indicator of a system’s efficiency. The “CPU Usage” and
“Memory Usage” percentages show the number of resources consumed by the system in its
operations, with lower percentages indicating more efficient resource management after
migration. “Downtime” means the total monthly hours that the system was unavailable
to users due to technical issues or maintenance. Finally, “Operation cost” compares the
monthly costs before and after the migration, indicating the profitability of the transition
to the cloud solution. These metrics were meticulously recorded and validated through
system monitoring tools and user feedback, ensuring their accuracy and relevance to
this study.

Figure 4 presents a clear comparison between the performance metrics before and
after migrating the educational platform to the cloud. A notable improvement is observed
in the post-migration response time, with an approximate reduction of 66%, going from
an average of 4.5 s to 1.5 s. This improvement indicates a smoother and more efficient
experience for users. Regarding resource use, both the CPU and memory experience a
significant decrease in consumption after the migration. The CPU usage decreases from
85% to 55%, suggesting that the cloud platform manages computational resources more
efficiently. Likewise, the memory usage is reduced from 90% to 60%, which implies that
more resources are available for future scalability. These results evidence the tangible bene-
fits of adopting cloud solutions, highlighting improvements in efficiency and performance
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and the platform’s ability to accommodate more users effectively without compromising
the quality of service.

Figure 4. Response time and resource usage (CPU and Memory) before and after migration to
the cloud.

These findings underscore the importance and effectiveness of adopting cloud-based
solutions for online educational environments. Not only do they ensure that a greater
number of users can access the platform simultaneously, but they also ensure a smooth and
uninterrupted experience. Migration to the cloud has allowed the educational platform
to accommodate more users and improved overall efficiency, guaranteeing accessibility,
especially during times of high demand, such as registration, exams, or assignment delivery.

3.3.2. Efficiency of the Integration of Artificial Intelligence in Specific Functions

With the integration of AI into the educational platform, there have been significant
changes in the efficiency and accuracy of certain vital functions. These advances have been
particularly notable in predictive analytics, assessments, and administrative support.

Table 3 shows the significant advantages of integrating AI into the educational plat-
form. For example, in predictive analyses, a drastic reduction in errors has been observed,
going from 18% to 5%. Additionally, this feature now operates with increased efficiency,
saving an average of 10 min per task. A similar pattern is seen in automated assessments
and administrative support. Additionally, virtual student assistance, a crucial component
in improving the user experience, has reduced errors from 15% to 4%, and content manage-
ment has improved substantially. These results highlight the potential and effectiveness of
AI in enhancing and optimizing operations in digital educational environments. Even with
these advances, areas of opportunity for future improvements are recognized, including
the adaptability of AI to changing user needs and the integration of deep learning to
personalize the educational experience further.
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Table 3. Specific Feature Improvements with AI Integration.

Function Errors before AI (%) Errors after AI (%) Time Saved (Minutes per Task)

Predictive Analysis 18 5 10
Automated Assessments 25 7 15

Automatic Administrative
Support 20 6 12

Virtual Student Assistance 15 4 8
Content Management 10 3 5

The table details the improvements achieved in various functions after implementing
artificial intelligence. For each feature listed, a breakdown of errors pre- and post-AI
integration is presented, as is the time saved per task due to this addition. The “Errors
before AI” and “Errors after AI” metrics provide a clear view of artificial intelligence’s
impact on reducing inaccuracies in different areas. These metrics were obtained through
the systematic review and comparison of records and system logs before and after the in-
corporation of AI. On the other hand, “Time saved per task” indicates the efficiency gained
when performing specific processes and was determined by monitoring the execution time
of tasks before and after the integration. It is notable, for example, how implementing AI in
predictive analytics significantly reduced errors and enabled considerable time savings per
task. Each metric and value in the table was derived from empirical testing and statistical
analyses, ensuring its accuracy and reliability in the study context.

3.3.3. Evaluation of the Quality of Learning through the Use of AI

In education, the desired result is not simply operational efficiency or the ability to
scale; ultimately, we seek to improve student learning quality. Therefore, the evaluation of
the impact is carried out through different indicators.

Student engagement data: Since implementing AI-based tools, active student engage-
ment has shown an upward trend. Feedback about the platform indicates an appreciation
for personalized features and recommendations based on individual learning patterns. In
Table 4, it is evident the positive impact that the implementation of AI-based tools has
had on student participation. The participation rate in courses such as Mathematics has
increased considerably, going from 75% to 92%. Programming, an essential discipline in
today’s technological era, also showed a notable increase in participation, from 68% to
90%. Artificial intelligence course, being inherently technical and advanced, has seen a
rise from 82% to 95%, which indicates that AI features not only engage students but also
facilitate their engagement with inherently complex materials. These increases suggest that
the personalization and adaptability provided by AI may significantly contribute to greater
student engagement in the learning process.

Table 4. Student participation rate in courses with and without AI features.

Module Participation without AI (%) Engagement with AI (%)

Math 75 92
Programming 68 90

Artificial intelligence 82 95

The table reflects the change in student participation rates in different courses after
implementing AI-based features. The metrics presented as “Engagement without AI”
and “Engagement with AI” were obtained by recording and analyzing the number of
students actively engaged in course activities compared to the total enrolled before and
after integrating AI tools. The figures indicated in the “Participation without AI” column
represent student engagement based on traditional teaching systems. In contrast, the figures
in “Participation with AI” reflect the increase in participation once the AI characteristics
were integrated. It is important to note that these percentages were derived through a
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constant platform analysis, considering frequent access to course materials, interactions
in discussion forums, and submission of assignments and exams. These metrics highlight
the potential of AI to improve the educational experience, evidencing increased student
motivation and engagement with content. These figures’ level of detail and precision is
based on empirical data collected over time and carefully analyzed to ensure their validity.

Table 5 identifies a positive trend in student grades after incorporating AI functions
into the educational process. Specifically, in algebra course, the average rates experienced
an increase from 78 to 87, which implies a substantial improvement in the student’s
understanding and mastery of the content. For databases, a subject that requires analytical
and practical skills, the jump from 80 to 92 shows how the adaptability and personalization
enabled by AI can positively influence the student’s ability to absorb and apply complex
concepts. In the case of robotics, an intricate discipline, the increase in scores from 75 to
89 suggests that AI is not only effective in improving academic performance but can also be
instrumental in helping students overcome challenges in areas of technique. These results
indicate that integrating AI-based tools can significantly benefit education, optimizing
learning and facilitating academic success.

Table 5. Average student grades in courses with and without AI features.

Course Rating without AI AI Grading

Algebra 78 87
Databases 80 92
Robotics 75 89

The table clearly illustrates how the incorporation of artificial intelligence tools has
directly impacted student learning quality. It is essential to understand that behind these
numbers are educational methodologies that, enhanced by artificial intelligence, have
adapted better to each student’s pace and learning style. In the case of algebra course, the
improvement in grades reflects a greater understanding and retention of essential mathe-
matical concepts. In the case of databases, the increased performance suggests that students
have integrated analytical thinking more effectively with the practical skills required. For
robotics, the notable increase highlights how AI-based tools can simplify complex and
technical concepts, making learning more accessible. These figures demonstrate “that
the tool, in combination with an appropriate pedagogical approach, has been decisive in
strengthening the educational process.”

The evidence suggests that the integration of AI-based tools has positively influenced
the quality of learning. Not only has there been an increase in student engagement, but
there has also been a palpable improvement in academic performance. While AI has been a
valuable tool, combining these technologies with effective pedagogical strategies has led to
these encouraging results. Therefore, investment in AI has operational benefits and, when
appropriately implemented, improves the quality of education.

3.4. Comparisons and Contrasts

To evaluate the effectiveness of implementing AI and cloud computing in the edu-
cational platform, it was considered essential to systematically compare groups that use
these technologies and those that do not. These comparisons provide a clearer view of
the differences and similarities in academic performance, user experience, and platform
efficiency. Table 6 illustrates a marked difference in academic performance between the
two groups. Students who used the platform with AI and cloud functions had, on average,
almost 10 points higher grades and a 9% higher passing rate than those who used the
traditional version.
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Table 6. Comparison of academic performance.

Group Average Mark Pass Rate

With AI and Cloud 89.2 94%
Without AI and Cloud 79.5 85%

Regarding statistical tests, a t-test was performed to determine if the differences
observed in the average scores between the two groups were significant. The results indi-
cated that p < 0.05 confirmed a statistically significant difference in academic performance
between students who use the platform with emerging technologies and those who do not.

3.5. Additional Analysis Results

In addition to the results found, several additional analyses were carried out to explore
secondary and specific aspects of the impact of AI and cloud computing in the educational
environment. These analyses provided valuable insights, offering more a profound insight
into trends and patterns that were not previously considered. For example, a post hoc
analysis was conducted on active platform participation to determine if there were notable
differences in students’ active involvement depending on the time of day. These findings
help optimize platform upgrades and maintenance times.

Figure 5 illustrates student activity on the platform throughout different times of
the day, both before and after implementing AI-based tools. It is observed that, after the
integration of AI, there is a notable increase in student activity at practically all hours of
the day. The post-AI activity significantly exceeds the pre-AI activity during morning and
afternoon peak hours, suggesting that AI has improved platform efficiency and incentivized
greater student interaction. It is also notable that evening activity, although lower than the
rest of the day, shows a slight increase with AI, which could indicate improved platform
adaptability for evening students or those in different time zones. Taken together, the figure
identifies the positive impact that the integration of AI has had on the active participation
of students on the educational platform.

Figure 5. Student activity on the platform throughout different times of the day.

Furthermore, it was decided to explore whether the age of the students had any
impact on their adaptability and efficiency when using AI-based tools. Table 7 indicates
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that younger students appear to adapt more quickly to new AI-powered tools, although
the differences are not huge. However, all age groups showed relatively quick adaptation,
suggesting that the tools are intuitive and user-friendly.

Table 7. T Adaptability of students according to age.

Age Range Average Adaptation Time (Days)

18–24 5.2
25–34 6.1
35–44 7.3

3.6. Validation Results

The validation of the results, AI techniques, and machine learning models imple-
mented on the platform through specific tests and metrics: To evaluate the effectiveness
of our models, we used an independent validation dataset not used during the model
training or optimization phases. This division guarantees that the results reflect the model’s
performance in unseen scenarios.

Metrics used to validate model’s performance:

• Precision: This indicates the proportion of correct identifications. Within the frame-
work of our platform, it reflected the model’s ability to provide relevant recommenda-
tions and analyses to users.

• Recall: This indicates the proportion of actual positives that were correctly identified.
It is essential to capturing the most opportunities or areas for improvement.

• F1-score: This provides a balance between precision and recall, offering a composite
metric that considers both dimensions. It is beneficial when classes are unbalanced.

• AUC (area under the ROC curve): this metric evaluates the ability of the model to
discriminate between positive and negative classes, being especially relevant when
working with probabilities.

The values presented in Table 8 show the model’s high performance, with an accuracy
of 92% and an AUC of 0.95, indicating excellent discriminative capacity. These results
validate the effectiveness of AI integration into the platform and the reliability of the
recommendations and analyses provided to users.

Table 8. Validation metrics.

Metrics Value

Precision 0.92
Accuracy 0.89
F1-score 0.90

AUC 0.95

4. Discussion

Integrating advanced techniques such as AI and cloud computing in education has
been a recurring theme in recent years. Previous studies have explored the potential and
challenges associated with these technologies. Still, few have managed to carry out a
profound and contextualized analysis in a specific environment, such as a higher education
institute. Our work was inspired by the growing need to adapt educational institutions
to technological and sociocultural changes [2,36]. Previous studies have pointed out how
AI can transform education by personalizing learning, providing instant feedback, and
improving administrative efficiency. Simultaneously, cloud computing has been recognized
for making educational systems more accessible and scalable.

Aligning this work with these perspectives, the research was approached by analyzing
how integrating these technologies could benefit a specific educational institute. With
the migration to the cloud, the educational platform demonstrated remarkable resilience
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and flexibility, especially during periods of high demand [37]. These findings corroborate
previous work that has indicated that cloud computing can improve IT infrastructure in
educational institutions, allowing for faster adaptation to changing needs.

Predictive analyses, evaluations, and administrative support showed a considerable
error reduction and increased post-AI integration efficiency. These findings align with
previous research that has proposed that AI can be a valuable tool in the educational field,
mainly when applied for a specific purpose [38]. The positive impact of AI on student
performance and experience is perhaps one of the most encouraging results [4]. Although
several studies have suggested that AI has the potential to improve personalized education,
our work provides empirical evidence in a real-world context, linking AI integration with
tangible improvements in learning.

Beyond these findings, our study has made a substantial contribution to the method-
ology. By combining quantitative and qualitative data collection and analysis techniques,
we have provided a holistic approach to evaluating technology integration in educational
institutions. However, like any study, this work is not without limitations. Although we
have obtained significant results in our specific context, generalization to other educational
settings may require adaptations [39]. Furthermore, the accelerated pace of technolog-
ical development means that solutions and techniques implemented today could soon
be surpassed.

It is evident that while specific findings align with the existing literature, others present
novelties. For example, the increase in the efficiency and capacity of educational platforms
goes beyond simple geographic accessibility. Furthermore, the depth of personalization
provided by the AI tools in our study appears to be more advanced and predictive than
previous implementations cited in [7,8]. One possible reason for these differences may be
these technologies’ constant and rapid evolution, allowing for more efficient and adaptive
integration. It is crucial, therefore, to consider the temporality and technological context in
which these studies are carried out.

By analyzing the results obtained in this work, the idea is reinforced that integrating
advanced technologies such as AI and cloud computing in the educational field is not just
a passing trend but a necessary evolution [10,30]. Through detailed and contextualized
research, we have demonstrated how these technologies can be used to improve both
educational administration and the student learning experience. With this, we hope our
study serves as a reference point and guide for future research and implementation in the
exciting intersection between technology and education.

5. Conclusions

This study has highlighted the transformative capacity of technology, particularly
AI and cloud computing, in the educational field. These technologies not only allow
for greater accessibility to and scalability of educational platforms but also enhance the
quality and efficiency of the teaching and learning process. We saw a significant impact on
student performance after implementing AI-based features. This validates the theoretical
statements about the potential of AI in education and highlights the importance of its
correct implementation to maximize its benefits.

As the world becomes increasingly digital, integrating advanced technologies in the
educational field is consolidated not as an option but as a necessity. Institutions that
adapt and adopt these tools will be better equipped to meet future challenges and provide
quality education.

Building on the previous literature and work discussed, this study expands and refines
our understanding of how cloud computing and AI can work together to revolutionize
distance learning. While other studies have outlined the possibilities and benefits of these
technologies separately, this work has integrated both to discover their synergistic potential.
The novelty of our research lies in this integration, exploring how combining the scalability
and accessibility of the cloud with the adaptability and personalization of AI can offer an
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unprecedented educational experience. This contribution is crucial for computer-assisted
learning and sets a new standard for future research in the field.

Integrating cloud computing and artificial intelligence in education has proven to be
more than just a technological addition; it has the potential to transform distance education
radically. Our simulation results provide concrete evidence of this potential. We see tangible
improvements in content customization, administrative efficiency, and system scalability.
AI proved to be fundamental in adapting educational content to the needs of students,
reflecting a 25% improvement in personalization and adaptability. Content management
and administrative tasks also benefited, with a 40% reduction in errors, indicating a
smoother and more efficient user experience. On the other hand, cloud computing has
proven its value by providing scalability. The system could serve 60% more simultaneous
users during testing without compromising service quality. This level of scalability ensures
that educational institutions can accommodate a growing number of students, which is
especially relevant in the current global landscape of distance education growth.

With the rapid evolution of technology, it is crucial to keep an eye on new emerging
tools and techniques. Future studies could explore the integration of emerging technologies,
such as virtual or augmented reality, in the educational field and its possible impact on
learning. While we have scratched the surface of what AI can do regarding personalization,
there is so much more to explore. A promising area of research would be the creation of AI
systems that can adapt to the individual needs of each student, offering a fully personalized
learning path.

While our results are promising, it is essential to conduct longitudinal studies to
understand the long-term impact of these technologies on student performance and well-
being. Furthermore, it would be beneficial to replicate this study in different educational
contexts, from primary schools to vocational training, to understand how the particularities
of each environment can influence the effectiveness of these technologies.

Author Contributions: Conceptualization, W.V.-C.; methodology, J.G.; software, J.G.; validation,
S.R.-T. and E.O.E.; formal analysis, W.V.-C.; investigation, S.R.-T. and E.O.E.; data curation, W.V.-C.
and J.G.; writing—original draft preparation, S.R.-T.; writing—review and editing, W.V.-C. and
E.O.E.; visualization, S.R.-T.; supervision, W.V.-C. and E.O.E.; All authors have read and agreed to
the published version of the manuscript.

Funding: This research received no external funding.

Data Availability Statement: Not applicable.

Conflicts of Interest: The authors declare no conflict of interest.

References

1. Li, Q.; Cui, D.; Fu, Q.; He, J. Application of Parallel Computing Thought in Training Model for Computer Talents. In Proceedings
of the 2021 2nd International Conference on Information Science and Education, ICISE-IE 2021, Chongqing, China, 26–28
November 2021.

2. Liu, B. The Integration and Innovation of Modern Information Technology with Landscape Architecture Teaching under the
Emerging Engineering. In Proceedings of the 2021 2nd International Conference on Education, Knowledge and Information
Management, ICEKIM 2021, Xiamen, China, 29–31 January 2021.

3. Wang, N. Exploration of College English Blended Learning Model under the Background of Educational Information. In
Proceedings of the 2021 2nd International Conference on Big Data and Informatization Education, ICBDIE 2021, Hangzhou,
China, 2–4 April 2021.

4. Chard, R.; Chard, K.; Wolski, R.; Madduri, R.; Ng, B.; Bubendorfer, K.; Foster, I. Cost-Aware Cloud Profiling, Prediction, and
Provisioning as a Service. IEEE Cloud Comput. 2017, 4, 48–59. [CrossRef]

5. Hammad, S. Determining the Factors That Affect the Use of Virtual Classrooms: A Modification of the UTAUT Model. J. Inf.
Technol. Educ. Res. 2021, 20, 117.

6. Sithipolvanichgul, J.; Chen, C.; Land, J.; Ractham, P. Factors Affecting Cloud Computing Adoption and Continuance Intention of
Students in Thailand. Int. J. Innov. Technol. Manag. 2021, 18, 2150037. [CrossRef]

7. Pesek, I.; Nosovic, N.; Krasna, M. The Role of AI in the Education and for the Education. In Proceedings of the 2022 11th
Mediterranean Conference on Embedded Computing, MECO 2022, Hotel Budva, Montenegro, 7–11 June 2022.

105



Computers 2023, 12, 223

8. Haleem, A.; Javaid, M.; Asim Qadri, M.; Pratap Singh, R.; Suman, R. Artificial Intelligence (AI) Applications for Marketing: A
Literature-Based Study. Int. J. Intell. Netw. 2022, 3, 119–132. [CrossRef]

9. Garg, S.; Bag, T.; Mitschele-Thiel, A. Decentralized Machine Learning Based Network Data Analytics for Cognitive Management
of Mobile Communication Networks. In Proceedings of the IEEE/IFIP Network Operations and Management Symposium 2022:
Network and Service Management in the Era of Cloudification, Softwarization and Artificial Intelligence, NOMS 2022, Budapest,
Hungary, 25–29 April 2022.

10. Lee, B.-H.; Park, S.-H. A Study on the NCS Based Curriculum for Educating Technical Director for VFX Industry with Artificial
Intelligence. Cartoon. Animat. Stud. 2021, 63, 417–450. [CrossRef]

11. Yang, Y.; Yu, D. Research and Exploration on the Training of New Engineering Personnel from the Perspective of Artificial
Intelligence. In Proceedings of the 2022 2nd Asia Conference on Information Engineering, ACIE 2022, Haikou, China, 15–17
January 2022.

12. Rani, S.; Bhambri, P.; Kataria, A. Integration of IoT, Big Data, and Cloud Computing Technologies: Trend of the Era. In Big Data,
Cloud Computing and IoT: Tools and Applications; Taylor & Francis: Abingdon, UK, 2023.

13. Liu, H.; Tai, Y.; Lin, H.; Du, X. Analysis of Technology Hotspots in Artificial Intelligence Field Based on Patent Map. In Proceedings
of the 2022 International Seminar on Computer Science and Engineering Technology, SCSET 2022, Indianapolis, IN, USA, 8–9
January 2022.

14. Zou, J.; Chen, Y. Online Aesthetic Education Information Teaching System Based On Big Data Cloud Platform. In Proceedings of
the IEEE International Conference on Knowledge Engineering and Communication Systems, ICKES 2022, Chikkaballapur, India,
29–31 December 2022.

15. Doughan, Z.; Al Mubasher, H.; El Bizri, M.; Haidar, A. The metaverse: A virtual world in the palm of your hand. BAU J. Sci.
Technol. 2022, 4, 10. [CrossRef]

16. Luo, X.; Xie, L. Research on Artificial Intelligence-Based Sharing Education in the Era of Internet. In Proceedings of the 3rd
International Conference on Intelligent Transportation, Big Data and Smart City, ICITBS 2018, Xiamen, China, 25–26 January 2018;
Volume 2018.

17. Azzolini, D.; Marzadro, S.; Rettore, E.; Engelhardt, K.; Hertz, B.; Wastiau, P. Raising Teacher Retention in Online Courses through
Personalized Support. Evidence from a Cross-National Randomized Controlled Trial. J. Res. Educ. Eff. 2023, 16, 300–325.
[CrossRef]

18. Appolloni, A.; Colasanti, N.; Fantauzzi, C.; Fiorani, G.; Frondizi, R. Distance Learning as a Resilience Strategy during COVID-19:
An Analysis of the Italian Context. Sustainability 2021, 13, 1388. [CrossRef]

19. Li, Y.; Wu, F. Design and Application Research of Embedded Voice Teaching System Based on Cloud Computing. Wirel. Commun.
Mob. Comput. 2023, 2023, 7873715. [CrossRef]

20. Soodtoetong, N.; Rattanasiriwongwut, M. Educational Transformation with Virtual Classroom: Integrated between TTF and
Social Motivation. TEM J. 2022, 11, 439–445. [CrossRef]

21. Chen, H.C.; Prasetyo, E.; Tseng, S.S.; Putra, K.T.; Prayitno; Kusumawardani, S.S.; Weng, C.E. Week-Wise Student Performance
Early Prediction in Virtual Learning Environment Using a Deep Explainable Artificial Intelligence. Appl. Sci. 2022, 12, 1885.
[CrossRef]

22. Tzeng, J.W.; Lee, C.A.; Huang, N.F.; Huang, H.H.; Lai, C.F. MOOC Evaluation System Based on Deep Learning. Int. Rev. Res.
Open Distance Learn. 2022, 23, 21–40. [CrossRef]

23. Kamruzzaman, M.M.; Alruwaili, O. AI-Based Computer Vision Using Deep Learning in 6G Wireless Networks. Comput. Electr.
Eng. 2022, 102, 108233. [CrossRef]

24. Hou, Y. Foreign Language Education in the Era of Artificial Intelligence. In Big Data Analytics for Cyber-Physical System in Smart
City, Proceedings of the BDCPS 2019, Shenyang, China, 28–29 December 2019; Springer: Singapore, 2020; Volume 1117.

25. Ge, Z.; Hu, Y. Construction of Smart Service Platform in the Perspective of Smart City Development. In 2020 International
Conference on Applications and Techniques in Cyber Intelligence: Applications and Techniques in Cyber Intelligence (ATCI 2020); Springer
International Publishing: Berlin/Heidelberg, Germany, 2021; Volume 1244.

26. Tzevelekakis, K.; Stefanidi, Z.; Margetis, G. Real-Time Stress Level Feedback from Raw Ecg Signals for Personalised, Context-
Aware Applications Using Lightweight Convolutional Neural Network Architectures. Sensors 2021, 21, 7802. [CrossRef]
[PubMed]

27. Mustapha, R. The Impact of Industrial Revolution 4.0 on Educational Technology, Digital Innovation and Future Learning.
In Proceedings of the International Conference on Learning Innovation in Science and Technology, Barcelona, Spain, 7–9
December 2018.

28. Xu, J. An Accurate Management Method of Public Services Based on Big Data and Cloud Computing. J. Cloud Comput. 2023, 12, 80.
[CrossRef]

29. Rico-Bautista, D.; Maestre-Gongora, G.; Guerrero, C.D. Smart University: IoT Adoption Model. In Proceedings of the World
Conference on Smart Trends in Systems, Security and Sustainability, WS4 2020, London, UK, 27–28 July 2020.

30. Xia, P. Design of Personalized Intelligent Learning Assistant System Under Artificial Intelligence Background. In Proceedings of
the Advances in Intelligent Systems and Computing, Azores, Portugal, 30 March–2 April 2021; Volume 1282.

31. Villegas-Ch, W.; Luján-Mora, S. Analysis of Data Mining Techniques Applied to LMS for Personalized Education. In Proceedings
of the IEEE World Engineering Education Conference (EDUNINE), Santos, Brazil, 19–22 March 2017; pp. 85–89.

106



Computers 2023, 12, 223

32. Yanhua, Z. The Application of Artificial Intelligence in Foreign Language Teaching. In Proceedings of the 2020 International
Conference on Artificial Intelligence and Education, ICAIE 2020, Ifrane, Morocco, 6–10 July 2020.

33. Meng, H. Research on Innovation and Practice of University-Industry Cooperation under AI Environment. In Proceedings of the
E3S Web of Conferences, Strasbourg, France, 5–7 May 2021; Volume 251.

34. Gong, Y.; He, Y.; Xie, D.; Chen, J. Research on Path Selection of Digital Governance of Online Education. Mod. Econ. 2021,
12, 123024. [CrossRef]

35. Yu, S. A Research on University Students’ Behavioral Intention to Use New-Generation Information Technology in Intelligent
Foreign Language Learning. In ACM Transactions on Asian and Low-Resource Language Information Processing; Association for
Computing Machinery: New York, NY, USA, 2022. [CrossRef]

36. Bongomin, O.; Gilibrays Ocen, G.; Oyondi Nganyi, E.; Musinguzi, A.; Omara, T. Exponential Disruptive Technologies and the
Required Skills of Industry 4.0. J. Eng. 2020, 2020, 4280156. [CrossRef]

37. Jingyi, Q.; Hua, L.; Xiu, C.; Wen, F. Explore and Practice of China’s Intelligent “New Engineering”—Based on the Grounded
Theory. Int. J. Inf. Educ. Technol. 2020, 10, 632–640. [CrossRef]

38. Yankson, E. The ILA Study Group on the Role of Cities in International Law City Report: Arusha. Int. Law Assoc. 2021, 14, 14–18.
39. Rani, S.; Mishra, R.K.; Usman, M.; Kataria, A.; Kumar, P.; Bhambri, P.; Mishra, A.K. Amalgamation of Advanced Technologies for

Sustainable Development of Smart City Environment: A Review. IEEE Access 2021, 9, 150060–150087. [CrossRef]

Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual
author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to
people or property resulting from any ideas, methods, instructions or products referred to in the content.

107



computers

108



109



110



−

111



112



113



Dtype type
D
∗
type Dtype D

D
∗

D D

D = D
∗ +D +D

Model(θ, D∗) = M

Test(M, D ) = D
∗

Select(D, k) = Dk ( Select(D, n(D)) = D)

• Model(θ, D∗) θ
D
∗ M

• Test(M, D ) M
D D

∗
• Select(D, k) D k

0 ≤ k ≤ n(D) n(D) D

Dk ⊆ D

114



M1 = Model(θ, D∗ )

Mt+1 = Model
(

θ, D∗ +Select
(
Test

(
Mt, D

)
, kt

))

D
∗ = Test(MT , D ) ( T t)

M1
θ D

∗
Mt+1

D
∗

D

T MT D

D
∗

θ

T
t kt k1

D n
(
D

k2
(t + 1) Mt+1

kt Mkt
t

M1 = Model(θ, D∗ )

M2 = Model
(

θ, D∗ +Select
(
Test

(
M1, D

)
, n

(
D

)))

M2i+7

3 = Model
(

θ, D∗ +Select
(
Test

(
M2, D

)
, 2i+7

))
( 0 ≤ i ≤ 5)

D
∗ = Test

(
M2i+7

3 , D
)
( 0 ≤ i ≤ 5)

115



• D
∗

• D

• D

• T
• con f idence
• ε

• NLP model
• D s

NLP model ← trained NLP model with D
∗

previous score ← 0
iteration ← 0
convergence achieved ←

iteration < T convergence achieved

predictions ← D NLP model
con f idence ← D NLP model

D
∗ ← {sample | sample D con f idence o f the sample > con f idence}

D
∗ ← D

∗ +D
∗

NLP model ← NLP model D
∗

current score ← D NLP model

|current score − previous score|< ε :
convergence achieved ←
previous score ← current score

iteration ← iteration + 1

•

•

•

116



117



α β − − αβ

α β

α β − − αβ

−

−

−

α β − − αβ

α β

α β − − αβ

−
−

−

α β α −
−

−

α β α −
−

−

−

−

−

118



Δ Δ ∠

Δ

Δ Δ

Δ

Δ

• • • •

• • •

• • •

119



120



121



122



•

•

•

•

•

123



ó ó

124



ó

125



computers

Article

Predictive Modeling of Student Dropout in MOOCs and
Self-Regulated Learning

Georgios Psathas 1,*, Theano K. Chatzidaki 2 and Stavros N. Demetriadis 1,*

1 School of Informatics, Aristotle University of Thessaloniki, 541 24 Thessaloniki, Greece
2 Department of Economics, University of Macedonia, 156 Egnatia Street, 546 36 Thessaloniki, Greece;

theano@uom.edu.gr
* Correspondence: gpsathas@csd.auth.gr (G.P.); sdemetri@csd.auth.gr (S.N.D.)

Abstract: The primary objective of this study is to examine the factors that contribute to the early
prediction of Massive Open Online Courses (MOOCs) dropouts in order to identify and support
at-risk students. We utilize MOOC data of specific duration, with a guided study pace. The dataset
exhibits class imbalance, and we apply oversampling techniques to ensure data balancing and
unbiased prediction. We examine the predictive performance of five classic classification machine
learning (ML) algorithms under four different oversampling techniques and various evaluation
metrics. Additionally, we explore the influence of self-reported self-regulated learning (SRL) data
provided by students and various other prominent features of MOOCs as potential indicators of
early stage dropout prediction. The research questions focus on (1) the performance of the classic
classification ML models using various evaluation metrics before and after different methods of
oversampling, (2) which self-reported data may constitute crucial predictors for dropout propensity,
and (3) the effect of the SRL factor on the dropout prediction performance. The main conclusions
are: (1) prominent predictors, including employment status, frequency of chat tool usage, prior
subject-related experiences, gender, education, and willingness to participate, exhibit remarkable
efficacy in achieving high to excellent recall performance, particularly when specific combinations
of algorithms and oversampling methods are applied, (2) self-reported SRL factor, combined with
easily provided/self-reported features, performed well as a predictor in terms of recall when LR and
SVM algorithms were employed, (3) it is crucial to test diverse machine learning algorithms and
oversampling methods in predictive modeling.

Keywords: Massive Open Online Courses (MOOCs); self-regulated learning (SRL); prediction;
self-reported data; oversampling

1. Introduction

This study aims to examine the factors that contribute to the early prediction of MOOC
dropout to identify at-risk students and facilitate their successful completion through
supportive interventions. Emphasis is placed on the SRL factor, which is often overlooked
in MOOC dropout prediction studies. The motivation for this research lies in the persistent
issue of high dropout rates in MOOCs and the investigation of the SRL factor in addressing
this problem, given that students with higher SRL indices have been shown to achieve
better learning outcomes. Additionally, the study explores the impact on the prediction
performance of the employment of different oversampling techniques to address the class
imbalance problem. Therefore, a variety of oversampling techniques and algorithms to
compare prediction performance and identify the best combinations for the specific dataset
were used.

1.1. Massive Open Online Courses (MOOCs)

MOOCs are a new distance education model established in 2008 by George Siemens.
Many MOOC platforms offer educational design with video lectures, announcements,
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forums, and assessments (quizzes, assignments, etc.) [1,2]. Some MOOCs allow students
to progress at their own pace, while others follow a predetermined schedule [3]. The
acquisition of completion certificates serves as a motivation for many students [4]. Most
students fail to complete MOOCs successfully, even if they intend to do so [5]. The
challenges of MOOCs include the absence of a supporting and guiding instructor [6],
limited social interaction between teachers and students [7], and the most critical challenge
lies in the high dropout rates observed within the MOOC environment [3]. In the literature,
dropout rate percentages are cited as 93.5% [8] or 91–93% [9].

Many studies have extensively explored the phenomenon of dropout rates in MOOC
courses. Several researchers have indicated significantly low percentages in completion
rates, falling below 10% and even as low as 5% [3,10–12]. Although these figures may
appear alarming, such an assessment is based on the assumption that enrollment in a
MOOC is comparable to enrolling in a traditional course, which is not always the case, as
the intentions of individuals enrolling in a MOOC differ—some seek professional develop-
ment. In contrast, others pursue simple information or entertainment [11]. However, it is
essential to acknowledge some positive exceptions to the high dropout rates. For instance,
programming MOOCs demonstrated retention rates above 60% [3,13].

Identifying and exploring factors directly influencing the attrition of students from
MOOCs will enable researchers and educators to examine novel strategies and techniques
to enhance students’ persistence and successful course completion. Dalipi et al. [14] have
categorized these factors contributing to high dropout rates into those associated with
students (such as lack of motivation, poor time management, inadequate background
knowledge, and skills) and those related to MOOCs (course design, lack of interactions,
hidden costs).

Ihantola et al. [3] conducted a study to investigate the attrition rates of students in
MOOCs with flexible versus strict scheduling. The findings revealed that students enrolled
in MOOCs with flexible scheduling were more likely to drop out early compared to those
in MOOCs with rigid schedules. In their study, approximately 17% of students abandoned
the course within the first week, while the corresponding rate for the flexible MOOC was
50%. However, after the initial week, the dropout behavior between the two versions of
MOOCs became nearly similar.

Furthermore, the researchers observed that both versions of MOOCs had students
who completed all computer programming assignments within a week but did not continue
further, possibly due to perceiving a heavy workload. Therefore, the authors suggest that
identifying the profiles of students who benefit from each type of MOOC could lead to
novel, more effective methods of organizing and grading courses. Previous studies have
also identified that the lack of a sense of community and ineffective social interactions and
collaborations contribute to the high attrition rates in MOOCs [7,14,15].

Hone and El Said [16] also investigated factors influencing retention in MOOCs and
found that 32.2% of students successfully completed their preferred courses, a rate surpass-
ing the average completion rate. The main driver for their completion was the satisfaction
derived from the course content, which was perceived as unique and not readily available
elsewhere. However, non-completers identified several reasons for their discontinuation,
including feelings of isolation due to inadequate communication channels, perceived
complexity and technical difficulties of the courses, and a lack of engagement. A related
study by Zhang [17] explored how to enhance MOOC attractiveness by aligning courses
with students’ regulatory foci. The observations made in this study indicate that students
with promotion-focused mindsets were more influenced by advocates emphasizing gains
and positive outcomes, while prevention-focused students responded better to advocates
stressing the avoidance of losses.

1.2. Prediction of Dropout and the SRL Factor

According to Gardner and Brooks (2018) [2], regarding the statistical models used to
map features to predictions, supervised learning techniques are extensively used in pre-
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dictive student modeling in MOOCs, compared to unsupervised approaches, as student
dropout/stopout is easily observable. In supervised learning, machines are trained using well
“labelled” training data, and on the basis of that data, machines predict the output. Authors
chose to present indicatively popular techniques for MOOC learner modeling, with very good
empirical performance in large-scale MOOC modeling studies, (e.g., Dass et al., 2021 [18]).
LR and SVM are among the most used, while NB, kNN, and DT are less frequently used in
surveys ([2]). There is no pattern found for an algorithm to be distinguished compared to
others. According to Herrmannova et al., 2015 [19], each model captures different properties
of input data and the results are complementary.

Self-regulated learning (SRL) is a complex multidimensional phenomenon often de-
scribed by a set of individual cognitive, social, metacognitive, and behavioral processes
embedded in a cyclical model. Students with limited application of SRL strategies do not
perform well [1,20–22]. Zimmerman [23] proposed a cyclical model consisting of three
interrelated phases of the learning process. In the forethought phase, self-regulated learners
set learning goals and design the strategy for their learning. This is followed by the perfor-
mance and control phase, during which self-regulated learners employ strategies to process
the learning material. They seek help when needed, manage their time, structure their
environment, and monitor their learning processes. In the third phase of self-reflection,
self-regulated learners evaluate their performance and adjust their strategies to achieve
their learning goals [1,18,22,24,25].

Research using questionnaires has shown positive correlations between the mentioned
SRL activity and the completion of MOOCs [24]. Despite the limitations of self-reported
data [26], the large sample size enhances their usefulness. On the other hand, the use of
trace data in measuring SRL has increased, but their interpretation remains challenging [26].
Jansen et al. [24] propose the combined use of SRL data from traces and questionnaires.
Timely SRL support interventions in MOOCs should be considered significant pedagogical
tools that contribute to achieving positive outcomes for students [20,21].

The features of MOOCs, such as internet-based massiveness, openness, and flexible
learning, create a unique blend of a large number of learners, making the prediction of
learner success (as well as providing support based on these predictions) particularly
challenging. Several researchers have developed prediction models by employing ma-
chine learning (ML) algorithms [27] and adopting supervised, unsupervised, and semi-
supervised architectures [28]. Deep learning methods are also utilized for predicting
dropout. For instance, Moreno-Marcos et al. [29] applied a combination of random forest
(RF), generalized linear model (GLM), support vector machines (SVM), and decision trees
(DT). Feng et al. [10] utilized logistic regression (LR), support vector machine with a linear
kernel (SVM), random forest (RF), gradient boosting decision tree (GBDT), and a three-layer
deep neural network (DNN) for their analysis.

Diverse features, even in limited quantities, provide a more comprehensive, multidi-
mensional view of learners and can improve the quality of predictive models. Collecting
additional data, especially during the initial weeks of a course, enhances prediction perfor-
mance [2,28]. For successful timely interventions, predictive models need to be transferable,
meaning they perform well on new course iterations by utilizing historical data [30–32].
Some researchers have examined specific aspects of SRL and observed its impact on pre-
dicting success, including goal setting and strategic planning [6], student-programmed
plans [33], the combination of self-reported SRL strategies and patterns of interaction
sequences, demographic features, and intentions [34]. For example, Kizilcec et al. (2017) [6]
investigated which specific SRL strategies predict the attainment of personal course goals
and how they are mapped in specific interactions with MOOCs’ online content. Yielding to
form a longitudinal account of SRL, authors combined learners’ self-reported SRL strategies
and characteristics, achievement data, and records of individual’s engagement with the
course’s content. Using multiple linear and logistic regression modeling, Maldonado-
Mahauad et al. (2018) [34] concluded that specific self-reported SRL strategies (“goal
setting”, “strategic planning”, “elaboration” and “help seeking”), complex behavioral data
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on MOOC’s platform like meaningful online activity sequence patterns, self-reported prior
experience and level of interest in MOOC’s assessments as well as total time spent online
belong to factors that contribute to the prediction of MOOC learners’ success.

1.3. Handling Imbalanced Classes in Dropout Prediction

Due to the very high rates of student dropout, imbalance in the classes is a common
phenomenon in MOOCs and can result in a bias toward the majority class [35], while the
class of interest typically has fewer samples [36]. Although it is strongly recommended
to pay attention to this issue when training an ML model for dropout prediction [37,38],
according to Nagrecha et al., 2017 [35], very few studies in the MOOCs domain refer
the consideration of the imbalanced problem (e.g., [39]). Barandela et al. (2004) [40]
suggest oversampling the minority class when the imbalance is severe and undersampling
the majority class in the opposite case. Most of the MOOC domain studies refer to the
employment of oversampling SMOTE techniques to overcome imbalance (e.g., [18,41]).

Effective techniques to improve the performance of classifiers in the presence of a
class imbalance in training data [42] include data-level approaches such as undersampling,
oversampling, and their combinations [43,44]. In the context of this study, the majority class
consists of successful students, and this asymmetry can lead a classifier to primarily predict
that students do not drop out of the MOOC, which is an undesirable situation as students at
risk are incorrectly identified as non-dropouts, resulting in them not receiving the necessary
support intervention. Therefore, oversampling is preferred in this study to avoid neglecting
important samples from the majority class [44,45]. To address the problem of overfitting
in random oversampling, where minority class samples are repeated to increase their
size [46], Chawla et al. [47] proposed the synthetic minority over-sampling technique
(SMOTE). SMOTE generates synthetic samples along the line segments between minority
class instances and a specified number, k (typically k = 5), of their nearest neighbors, thereby
expanding the decision region [44]. This technique has found widespread use [36]. The
newly generated synthetic samples contribute essential information to the minority class,
mitigating misclassification issues of these samples [46].

Efforts to improve SMOTE include Borderline-SMOTE and ADASYN techniques.
Han et al. [44] proposed the Borderline-SMOTE technique, which performs oversampling
only on instances near the decision boundary between the two classes, as they are more
likely to be misclassified, aiming to create a clearer decision boundary [36]. The technique
has two variations: Borderline-SMOTE1, which only uses minority class samples as neigh-
bors, and Borderline-SMOTE2, which additionally uses samples from the majority class to
generate synthetic data [36]. As a variation of the SMOTE technique, He et al. [48] proposed
ADASYN (adaptive synthetic sampling method), which generates more synthetic data
for the instances that are more difficult to learn [49]. Improved predictive performance of
classification models through the combined use of PCA and resampling techniques has
been reported (e.g., [42]).

Brandt and Lanzén (2021) [49] examined the performance of SMOTE and ADASYN
using different classification models and evaluation metrics and found that both techniques
improved the performance in most cases. Authors conclude that none of the pre-processing
methods they examined consistently outperformed the other, confirming the literature of
imbalanced techniques comparison and the existence of a variety of results, where such
pre-processing techniques may even decrease the performance. Therefore, in our study, we
examine different oversampling methods, in addition to commonly used SMOTE in the
MOOCs domain.

1.4. Rationale and Research Questions

Based on the above theoretical background, this study supports the idea that it is
interesting to investigate the early prediction of dropout in the MOOC “Programming in
Python for Non-Programmers”, taking into consideration primarily the SRL (self-regulated
learning) factor, after using various oversampling techniques. For this purpose, we employ
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five classic educational models [50] commonly used in the literature for comparing over-
sampling techniques when dealing with class imbalance [36,37,42,46] predictive models
(NB, LR, SVM, DT, kNN), and we consider data from student questionnaires regarding
their SRL, as well as other typical data, easily provided for this purpose, aiming to identify
at-risk students as early as possible and support them with appropriate interventions to
complete the course.

The research questions addressed in this study are as follows:

1. What is the performance of the five classic models (NB, LR, SVM, DT, kNN) in
predicting dropout before and after oversampling for various oversampling methods?

2. What appear to be the important predictors for students’ MOOC dropout and why?
3. What is the impact of the SRL factor, as determined by self-reported student data, on

the performance of dropout prediction?

2. Materials and Methods

2.1. Context

We deployed the xMOOC “Programming in Python for Non-Programmers” that was
offered in the Greek language during two time periods: 16 November 2020, to 20 December
2020 (referred to as MOOC1), and 22 February 2021, to 28 March 2021 (referred to as
MOOC2). This initiative was a collaboration between the Department of Informatics at
AUTH, EKETA, and GUnet, as part of the European-funded project “colMOOC: Integration
of Dialogic Agents and Learning Analytics in MOOCs” (https://colmooc.eu/). It had
a duration of 5 weeks, specific start and end dates, and included an equal number of
5 thematic modules, organized in each of the weeks. The course curriculum comprised
various components aimed at augmenting the learning experience, encompassing video
lectures, mini-quizzes, weekly quizzes, weekly assignments, and chat activities. We inte-
grated chat-based collaborative activities with the support of a conversational agent [51],
aiming to facilitate productive peer dialogue [52]. These chat activities involved students
engaging in dyadic collaboration to collectively respond to open-ended questions with a
shared goal, and they were encouraged to interact with a preconfigured conversational
agent during their discussions. To foster individual accountability, support on students’
SRL, and awareness of peers’ progress, a learning analytics module was provided, enabling
students to reflect on their own and their partner’s performance and compare metrics with
other students who completed the same activity, thereby allowing for potential adjustments
in learning strategies to enhance their performance and SRL skills. During the second
week, an email was disseminated to notify students about the existence of the learning
analytics module.

Participants had the flexibility to study the educational material and complete assess-
ments and activities at their own pace within the duration of the MOOC. A certificate of
completion was granted to participants with a minimum score of 60%, based on weekly
quizzes, assignments, collaborative activities, and a final quiz. After enrollment, students
were required to complete a questionnaire, which was essential for receiving the certificate
(provided they met the grading criteria). This questionnaire, available only during the first
week, collected demographic data, participation intention (degree of engagement with the
educational material), programming and Python experience, prior MOOC experience, and
their self-regulated learning (SRL) profile).

2.2. Description of the Data Set

The initial dataset comprises 1543 rows and 232 columns, consisting of data from stu-
dents in MOOC1 (1324 rows) and MOOC2 (219 rows). Our focus was on actively engaged
students, defined as those who registered and remained active until the conclusion of the
first week, completed the introductory questionnaire, and submitted the first week’s pro-
gramming assignment. This subset consisted of 935 students for MOOC1 and 134 students
for MOOC2 (Table 1).
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Table 1. Dataset.

MOOC1 MOOC2

Enrolled 1.324 219
Started 935 134
% 0.70 0.61

According to a study by Stein and Allione [53], completing an assessment within the
first week is a significant predictor of retention in the MOOC. The success completion
rates for these specific subsets of students in the two MOOCs were 88.40% and 87.30%,
respectively. It is important to note that there exists an imbalance in the distribution of
classes among students who submitted and completed the MOOC and those who did not.

2.3. Procedure

Using the Python/sci-kit ecosystem, we fitted a predictive model on the data from
MOOC1 by applying the NB, LR, SVM, DT, and kNN algorithms. We evaluate the per-
formance of these models in predicting dropout in the MOOC2 dataset. Default settings
were used for all algorithms. In a case study by Gardner and Brooks [2], parameter tun-
ing showed minimal impact compared to the results obtained from different features or
algorithms. The dependent variable DROPOUT categorizes students into the categories 1
(dropout) and 0 (non-dropout) as follows: those who participated in less than 10% of the
activities are considered dropouts. The approach followed in this study to investigate the
research questions involves the following steps:

1. Retrieval of data.
2. Preprocessing and cleaning of the data.
3. Selection of significant features.
4. Normalization, dimensionality reduction using PCA, and oversampling.
5. Training and testing the models using stratified 10-kfold cross-validation.
6. Comparative evaluation of the models for different oversampling techniques.

2.3.1. Data Retrieval

The student data from the 2 MOOCs, the potential independent variables (Table 2),
and the dependent variable were retrieved.

Table 2. The variables used in the predictive models.

Features
(Corresponding Question in the
Questionnaire)

Type Values

Performance_A1
(Grade in programming assignment at
the end of the first module)

Continuous
that was

discretized
1–10

Gender Categorical 1. Male
2. Female

Age Categorical

1. <17
2. 18–25
3. 26–35
4. 36–45
5. 46–55
6. 56+
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Table 2. Cont.

Features
(Corresponding Question in the
Questionnaire)

Type Values

Employment
(Are you employed?) Categorical 1. Yes

2. No

Studies Categorical

1. Doctorate
2. Master’s degree
3. Higher Educational Institution/Higher Technological

Educational Institution/Technological Educational Institution
4. Vocational Training Institution
5. High School (upper secondary education) Diploma
6. Gymnasium (lower secondary education) Diploma
7. Primary School Diploma
8. None of the above

MOOC Experience
(What is your prior experience in
MOOCs?)

Categorical
1. It is my first time attending a MOOC
2. I have attended 1–3 MOOCs in the past
3. I have attended more than 3 MOOCs in the past

Programming Experience
(Previous experience in any
programming language)

Categorical

1. None, complete beginner
2. Basic programming knowledge
3. Moderate programming knowledge
4. Advanced programming knowledge

Python Experience
(Previous experience in Python) Categorical

1. None, complete beginner
2. Basic programming knowledge
3. Moderate programming knowledge
4. Advanced programming knowledge

UseOfChatTools
(Frequency of use of chat tools like Skype,
Messenger, or Google Hangouts)

Categorical

1. I do not use such tools
2. Occasionally (e.g., once a week)
3. Moderately (e.g., 2–3 times a week
4. Frequently (e.g., more than 3 times a week
5. Daily

Intention_to_Participate
Which of the following best matches your
intended way of participating in
the course?

Categorical

1. I intend to attend the entire course, complete assignments/tasks,
and obtain the certificate of successful completion

2. I intend to attend the entire course, and complete
assignments/tasks, but I am not interested in obtaining the
certificate of successful completion at the moment

3. I intend to attend the course and complete assignments/tasks to
the extent that I can, without being particularly interested in
its completion

4. I plan to review the course material at the beginning and decide
later on whether and how much I will attend

5. I intend to watch only the educational videos of the course and I
am not interested in the assignments/tasks

6. I registered out of curiosity to obtain access to the material. I am
currently unsure whether and how much I will attend

7. None of the above

SRL START num
(SRL profile in the intro questionnaire) Continuous 1–7

2.3.2. Preprocessing and Data Cleaning

The dataset consists of students who completed the intro questionnaire, submitted
the first week’s programming assignment, and received the general intervention (con-
trol group). Missing values were handled by deleting the corresponding students from
the dataset.
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2.3.3. Feature Selection

Different features are likely to incorporate different aspects of the same information.
On the other hand, there may be interdependence among features and their coexistence
in predictive modeling should be avoided. In this study, the user selects as candidate
predictors the feature or combination of features that are desired, in order to arrive at
subsets of significant features that contribute to the predictive performance. The results
of filtering techniques that evaluate and rank candidate features are taken into account. It
is common for variables to be ranked differently by heterogeneous filters, but ultimately,
a stronger subset of features is identified [54]. Various statistical tests can be used to
determine the features with the strongest relationship with the output variable. We apply
the SelectKBest filter type method from the sci-kit-learn library, using chi-square for feature
ranking (Figure 1a). Additionally, we can assess the importance of each feature using
tree-based classifiers (Figure 1b). We utilize the sklearn built-in extra tree classifier. The
higher the score of a feature, the more significant or relevant it is to the output variable [55].

(a) (b)

Figure 1. Ranking of features (a) using chi-square test; (b) using decision tree.

2.3.4. Normalization, Dimension Reduction with PCA and Oversampling

The principal component analysis (PCA) technique in feature extraction aims to reduce
the dimensionality of the dataset by identifying and selecting features with higher variance,
which carry significant information, especially when dealing with noisy data that can
adversely affect model accuracy [36]. Holland [56] suggests determining the number of
principal components to retain based on their collective ability to explain a predetermined
percentage of the total variance, typically set at 90% in this context. A crucial prerequisite
before employing PCA is data normalization, as emphasized by Mourdi et al. [26]. In our
study, we ensured data remained on the same scale through scaling, adjusting only the
value range. Our analytical pipeline involved the sequential application of normalization,
PCA for dimensionality reduction, and oversampling, a commonly employed practice in
the literature (e.g., [57]), to overcome imbalance and avoid neglecting important samples
from the majority class.

2.3.5. Training and Testing

Data splitting into training and testing sets mimics the application of the model to new
data and evaluates its performance [27]. We train the models using the MOOC1 dataset and
apply the stratified 10-kfold cross-validation technique, which is suitable for classification
problems with class imbalance (e.g., [36]).

2.3.6. Prediction Performance Evaluation of Models

Model evaluation is a crucial component of predictive modeling research in the context
of learning analytics. Suitable performance metrics for the field (e.g., [58,59]) include
accuracy, precision, recall, F1 score, as well as the confusion matrix (e.g., [44]). Due to the
high number of dropouts in MOOCs, minimizing the number of false negatives (FN) [27]
and focusing on the recall metric, which summarizes how well students at risk (i.e., the
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positive class) are predicted, is critical to ensure that they are not missed. This metric
indicates missed positive predictions.

3. Results

Results for recall values ≥0.8 on the validation data of MOOC2 before and after over-
sampling are presented in Tables 3 and 4, respectively. Except for recall, various popular
evaluation metrics are also presented. Comparing Tables 3 and 4, we observe that oversam-
pling significantly improves the performance of the models in terms of recall. The kNN
algorithm achieves the highest recall performance when data are imbalanced. All algo-
rithms used appear in Table 4 but kNN appears more frequently. Programming assignment
performance at the end of the first module of the MOOC seems a significant predictor for
MOOC completers rather than dropouts as it performs high in terms of precision rather
than recall. In the context of imbalanced data, it is essential to recognize that high accuracy
values do not necessarily translate to superior predictive performance of a model. Through
the process of oversampling, we identified Employment and UseOfChatTools as the most
significant predictors associated with the risk of DROPOUT, as evidenced by their respec-
tive recall values. Specifically, both aforementioned features demonstrate a minor adverse
correlation with the occurrence of DROPOUT (Spearman’s correlation coefficient = −0.09,
p = 0.007, and −0.03, p = 0.341, respectively).

Table 3. MOOC2 (test) data, imbalanced.

Features Alg. Roc_auc Acc. Prec. Rec. f1

SRL START num
LR 0.50 0.87 0.00 0.00 0.00

DT 0.50 0.79 0.13 0.11 0.13

SRL START num,
Employment

LR 0.50 0.87 0.00 0.00 0.00

DT 0.55 0.78 0.20 0.24 0.22

Intention_to_Participate kNN 0.56 0.72 0.18 0.35 0.24

SRL START num,
Intention_to_Participate LR 0.50 0.87 0.00 0.00 0.00

UseOfChatTools kNN 0.59 0.69 0.07 0.35 0.12

Intention_to_Participate, SRL START num,
Employment, Age

DT 0.54 0.77 0.18 0.24 0.20

kNN 0.63 0.89 0.56 0.29 0.39

Performance_A1

NB 0.50 0.87 0.00 0.00 0.00

LR 0.50 0.87 0.00 0.00 0.00

SVM 0.50 0.87 0.00 0.00 0.00

DT 0.50 0.87 0.00 0.00 0.00

kNN 0.56 0.88 0.67 0.12 0.20

SRL START num,
Performance_A1 LR 0.50 0.87 0.00 0.00 0.00

Intention_to_Participate,
Performance_A1,
SRL START num

LR 0.49 0.89 0.00 0.00 0.00

SVM 0.50 0.87 0.00 0.00 0.00

DT 0.52 0.77 0.16 0.18 0.17
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Table 3. Cont.

Features Alg. Roc_auc Acc. Prec. Rec. f1

Intention_to_Participate,
Performance_A1,
SRL START num,
Age

kNN 0.58 0.88 0.60 0.17 0.27

Intention_to_Participate,
Performance_A1,
SRL START num,
Employment

NB 0.46 0.80 0.00 0.00 0.00

LR 0.50 0.87 0.00 0.00 0.00

SVM 0.50 0.87 0.00 0.00 0.00

DT 0.44 0.72 0.04 0.06 0.05

kNN 0.51 0.85 0.20 0.06 0.09

Intention_to_Participate,
Performance_A1,
Programming Experience

kNN 0.59 0.80 0.26 0.29 0.28

Intention_to_Participate,
Performance_A1,
SRL START num,
Programming Experience

DT 0.59 0.80 0.26 0.29 0.28

With gray shading we distinguish the 2 highest values of the recall and roc_aucmetrics and the corresponding
application algorithm.

Table 4. MOOC2 (test) data, balanced. Contains recall values >0.8.

Features Alg.
Oversampling
Method, k = 5

Roc_auc Acc. Prec. Rec. f1

Employment kNN
ADASYN, SMOTE,
Borderline-SMOTE1,
Borderline-SMOTE2

0.50 0.13 0.13 1.00 0.23

UseOfChatTools NB Borderline-SMOTE2 0.59 0.28 0.15 1.00 0.26

UseOfChatTools NB, LR ADASYN 0.50 0.13 0.13 1.00 0.23

Programming experience, Gender kNN SMOTE 0.54 0.25 0.14 0.94 0.24

Intention, Education LR ADASYN 0.59 0.37 0.16 0.89 0.26

Python experience, MOOC experience kNN Borderline-SMOTE2 0.56 0.32 0.14 0.89 0.25

Python experience, MOOC experience kNN ADASYN 0.53 0.27 0.14 0.88 0.23

Python experience, MOOC experience kNN SMOTE 0.56 0.32 0.14 0.88 0.25

Python experience, MOOC experience kNN Borderline-SMOTE1 0.55 0.29 0.14 0.88 0.24

Education SVM SMOTE,
Borderline-SMOTE1 0.57 0.38 0.15 0.82 0.25

Python experience, Gender NB Borderline-SMOTE1 0.57 0.38 0.15 0.82 0.25

Python experience, Gender LR Borderline-SMOTE1 0.57 0.37 0.15 0.82 0.25

Python experience, Gender SVM Borderline-SMOTE2 0.57 0.37 0.15 0.82 0.25

Python experience, Gender SVM SMOTE 0.56 0.37 0.15 0.82 0.25

Python experience, Gender DT SMOTE 0.58 0.40 0.15 0.82 0.26

Python experience, Gender DT, kNN Borderline-SMOTE2 0.58 0.40 0.15 0.82 0.26
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Table 4. Cont.

Features Alg.
Oversampling
Method, k = 5

Roc_auc Acc. Prec. Rec. f1

Programming experience, Gender NB, SVM, DT Borderline-SMOTE1 0.51 0.27 0.13 0.82 0.22

Python experience, Gender, Intention NB SMOTE 0.64 0.51 0.18 0.82 0.30

Python experience, Gender, Intention LR Borderline-SMOTE1 0.57 0.37 0.15 0.82 0.25

MOOC experience, Gender kNN Borderline-SMOTE1 0.62 0.46 0.17 0.82 0.28

MOOC experience, Gender LR Borderline-SMOTE2 0.61 0.46 0.17 0.82 0.28

However, it is noteworthy that not all oversampling techniques employed yielded
high recall values for the same algorithm and feature set, underscoring the importance of
exploring alternative oversampling approaches. For example, when the UseOfChat feature
and SMOTE or Borderline-SMOTE1 were used, the recall value on MOOC4 validation
data is 0,11 when NB or LR are employed, while the use of ADASYN or Borderline-
SMOTE2 yields to corresponding recall value 1.0. When Intention to Participate and
Education features combined with Borderline-SMOTE2 were used, the recall value on
MOOC4 validation data is 0,47 when LR is employed while the use of ADASYN yields
to corresponding recall value 1.0. Similarly, this observation extends to the choice of
algorithms, necessitating the exploration and incorporation of diverse algorithms to achieve
improved model performance.

Table 5 also presents validation data of MOOC2 but focuses specifically on the predic-
tion performance of the SRL factor in terms of recall. We observe in Table 5 that the SRL
factor, combined with other self-reported features, seems a good predictor in terms of recall
when LR and SVM algorithms are used.

Table 5. SRL factor performance on MOOC2 (test) data, balanced.

Features Alg.
Oversampling
Method, k = 5

Roc_auc Acc. Prec. Rec. f1

SRL,
MOOC experience,
UseOfChat

LR ADASYN 0.61 0.50 0.17 0.77 0.28

SRL,
MOOC experience LR ADASYN,

Borderline-SMOTE1 0.64 0.59 0.19 0.71 0.30

SRL,
MOOC experience LR SMOTE 0.63 0.57 0.19 0.71 0.29

SRL,
Education SVM ADASYN 0.61 0.54 0.17 0.71 0.28

SRL,
Programming experience DT SMOTE 0.66 0.66 0.22 0.65 0.33

SRL,
Programming experience NB Borderline-SMOTE2 0.65 0.65 0.21 0.65 0.32

SRL,
Intention LR Borderline-SMOTE2 0.62 0.60 0.19 0.65 0.29

SRL kNN SMOTE 0.61 0.62 0.19 0.59 0.28

SRL LR ADASYN, SMOTE 0.57 0.55 0.16 0.59 0.25

SRL LR Borderline-SMOTE1 0.57 0.56 0.16 0.59 0.25
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4. Discussion

We utilize MOOC data to examine the dropout predictive performance of five classic
classification ML algorithms under different oversampling techniques (e.g., ADASYN,
SMOTE, Borderline-SMOTE1, and Borderline-SMOTE2, for k = 5 neighbors) and evaluation
metrics. We also investigate the impact on the performance of self-reported SRL data
by students and other popular MOOC features. Using the Python/sci-kit version 0.24.1
ecosystem, we perform predictive modeling on the data from MOOC1 by applying the
NB, LR, SVM, DT, and kNN algorithms. We evaluate the performance of these models in
predicting dropout in another similar (MOOC2) dataset.

Oversampling may significantly improve the performance of the models in terms of
recall. kNN on the Employment feature and NB, LR on UseOfChatTools achieve excellent
recall performance, the latter under particular oversampling techniques. Therefore, employing
different oversampling methods and classic ML algorithms is useful to compare performance
and identify the best combinations for the specific dataset. Intention to Participate, Education,
and Experience features (MOOC, Python, Programming) contribute to predictive performance.
SRL’s contribution to MOOC dropout prediction performance emerges with LR and SVM
algorithms in terms of recall (maximum value according to Table 5: 0.77). SRL factor as a sole
feature yielded moderate recall values (0.59), but, combined with other, easily provided data,
performs better.

Research Question 1: The datasets of the two Massive Open Online Courses (MOOCs)
exhibited significant class imbalances, necessitating the utilization of oversampling tech-
niques to enhance the predictive capabilities of the algorithms. Notably, the employment
of a combination of principal component analysis (PCA) and an oversampling method
emerged as the most influential factor contributing to the overall performance of all algo-
rithms when employing readily available features such as employment status, frequency of
chat tool usage, gender, education level, prior experiences, and intentions. An intriguing
observation from our findings is that no discernible pattern emerged favoring one oversam-
pling method over others, confirming the literature of imbalanced techniques comparison.
This suggests that the choice of the appropriate oversampling technique may depend on
the specific characteristics of the dataset under investigation. Consequently, we advocate
for the adoption of diverse oversampling methods and algorithms to better accommodate
the heterogeneity inherent in different datasets.

Our investigation further revealed that all algorithms demonstrated commendable
performance in terms of recall values. Particularly, the k-nearest neighbors algorithm
exhibited exceptional recall for employment-related features, while Naive Bayes and logistic
regression excelled in capturing the frequency of chat tool usage. These outcomes indicate
the efficacy of the selected algorithms in identifying potential dropout cases, especially
concerning specific predictive aspects.

In conclusion, our study contributes valuable insights into the performance of classic
predictive models in the context of dropout prediction, shedding light on the interplay
between oversampling techniques and algorithm selection. Our findings are consistent
with the literature on imbalance methods comparison and the existence of a variety of
results in the prediction performance, indicating the need to examine different imbalance
techniques (e.g., [49]). By embracing a diverse range of oversampling methods and algo-
rithms, researchers can capitalize on the strengths of different approaches and improve the
accuracy and robustness of their predictive models for dropout identification in MOOCs.

Research Question 2: The discussion of the second research question, which aims to
identify the important predictors for students’ MOOC dropout, yielded significant findings
through the incorporation of readily available student features. Notably, variables such
as self-reported employment status emerged as crucial indicators in predicting dropout
rates, with the utilization of kNN (k-nearest neighbors) and variables such as UseOfChat
with the utilization of LR (logistic regression), and NB (Naive Bayes) algorithms resulting
in highly prediction performance, particularly in terms of recall. On the other hand, the
NB algorithm exhibited enhanced performance when specific oversampling methods were
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applied, indicating its sensitivity to the data distribution and the potential to be more
effective under certain conditions.

Moreover, the utilization of easily accessible student profile attributes, including
experiences, gender, education level, and intention to participate, also proved to be valuable
in predicting MOOC dropout rates. These attributes contributed to commendable recall
rates when employing various traditional machine learning classification algorithms in
conjunction with appropriate oversampling methodologies.

The significance of these findings lies in their practical implications for MOOC plat-
form providers and educators. By identifying the key predictors of dropout, interventions
can be designed and implemented to mitigate attrition rates effectively. For instance,
targeted support and tailored interventions can be offered to students with specific em-
ployment statuses or chat tool usage patterns, thereby fostering a supportive learning
environment and increasing the likelihood of course completion.

Research Question 3: The present study aimed to investigate the impact of the self-
regulated learning (SRL) factor, as determined through self-reported student data, on the
performance of dropout prediction. Our investigation focused on addressing the third
research question, which sought to explore the potential contribution of the SRL factor to
the predictive accuracy of dropout prediction models.

The discussion of our research findings indicates that the self-reported student self-
regulated learning (SRL) factor, when combined with other widely recognized self-reported
features, has demonstrated considerable predictive power in terms of recall when utilized
with the LR and SVM algorithms. The inclusion of the SRL factor as a predictor offers
valuable insights into the dynamics of dropout prediction.

5. Conclusions

This study addresses the challenging problem of early MOOC dropout prediction,
which has implications for student retention and success, considering the significant issue
of mitigating the imbalanced problem when training an ML model for dropout prediction.
We explored a variety of oversampling techniques and classic supervised ML algorithms to
compare performance using various evaluation metrics and identify the best combinations
for the specific dataset. We also examined the factors that contribute to the early prediction
of MOOC dropout in order to identify and support at-risk students. We investigated the
self-reported SRL factor as well as various other prominent features of MOOCs as potential
indicators of early stage dropout prediction.

The main conclusions are: (1) prominent predictors, including employment status,
frequency of chat tool usage, prior subject-related experiences, gender, education, and
willingness to participate, exhibit remarkable efficacy in achieving high to excellent recall
performance, particularly when specific combinations of algorithms and oversampling
methods are applied, (2) self-reported SRL factor, combined with easily provided/self-
reported features, performed well as a predictor in terms of recall when LR and SVM
algorithms were employed, (3) it is crucial to test diverse classification machine learning
algorithms and oversampling methods in predictive modeling.

Researchers in the MOOC domain are suggested to consider thoughtfully the imbal-
ance issue at the pre-processing stage and employ different imbalance mitigation techniques
to overcome it, even of the same general category (in our study, oversampling) as we con-
firmed the literature of imbalanced techniques comparison about the existence of a variety
of results in the context of MOOC dropout prediction performance.

Our results also suggest that the self-reported SRL factor contributes significantly to
the accuracy of dropout prediction models. However, there is room for further enhancement
and refinement of predictive capabilities by delving deeper into the identification of the
SRL factor. For instance, complementing self-reported data with trace data could yield
more precise and comprehensive insights into students’ self-regulated learning behaviors.
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6. Limitations and Future Research

The present study acknowledges certain limitations that warrant consideration. Firstly,
the algorithms’ hyperparameters were employed with default settings, and we did not
explore their optimization for the specific dataset. Consequently, there exists potential for
further investigation into fine-tuning the algorithms’ performance to enhance predictive
accuracy and robustness.

It is crucial to recognize that this research constitutes a case study centered on a specific
Massive Open Online Course (MOOC) offering. The investigation focused on the subject
of “Python for non-programmers” and was conducted in a particular language. As a
result, generalizability beyond this specific context should be approached with caution,
and caution must be exercised when extending the findings to other MOOCs or diverse
academic domains.

Another important consideration is that the data obtained from questionnaires primar-
ily provide insights into students’ perceptions regarding their utilization of self-regulated
learning (SRL) strategies. While valuable for understanding student perspectives, such
self-reported data may not fully capture the actual SRL behaviors demonstrated by the
students. Particularly noteworthy is the fact that the introductory questionnaire was ad-
ministered early in the MOOC, potentially rendering the responses more reflective of
behavioral intentions rather than realized SRL practices.

While the current findings contribute valuable insights into the predictive potential of
the self-reported SRL factor, this research could be extended in several ways. To overcome
this limitation and gain a more accurate understanding of the SRL factor, future research
may consider employing a combination of trace data and self-referential information. The
use of a shorter questionnaire, possibly targeting specific, effective strategies (dimensions)
of SRL in the MOOC context, could be investigated and contribute to adaptive scaffolding
research. This comprehensive approach could provide a more nuanced and reliable assess-
ment of students’ self-regulatory practices throughout the duration of the course. Future
studies might explore the integration of additional factors, such as socio-economic back-
ground and prior academic performance, to further enhance the accuracy and robustness
of dropout prediction models. Additionally, employing more advanced machine learning
techniques (e.g., deep learning), employing a variety of imbalance mitigation techniques
as well as exploring the use of longitudinal data could lead to more sophisticated and
precise predictions.

Notwithstanding these limitations, the present study offers valuable insights into the
role of the self-reported SRL factor within the specific context of the investigated MOOC. It
provides a foundation for further explorations in the realm of dropout prediction and the
design of tailored interventions to support student success in online learning environments.
As the field of educational data mining and learning analytics progresses, more advanced
techniques and larger datasets can be leveraged to refine and expand upon these findings,
thus fostering advancements in the understanding and application of SRL strategies for
enhanced educational outcomes.
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Abstract: Currently, academia is grappling with a significant problem—a lack of engagement. Hu-
mankind has gone too far into exploring entertainment options, while the education system has not
really kept up. Millennials love playing games, and this addiction can be used to engage and motivate
them in the learning process. This study examines the effect of digital game-based learning on student
engagement and motivation levels and the gender differences in online learning settings. This study
was conducted in two distinct phases. A game-based and traditional online quizzing tools were used
to compare levels of engagement and motivation, as well as to assess the additional parameter of
gender difference. During the first phase of the study, 276 male and female undergraduate students
were recruited from Sophomore Seminar classes, and 101 participated in the survey, of which 83
were male and 18 were female. In the second phase, 126 participants were recruited, of which 107
(63 females and 44 males) participated in the anonymous feedback surveys. The results revealed
that digital game-based learning has a more positive impact on student engagement and motivation
compared to traditional online activities. The incorporation of a leaderboard as a gaming element
in the study was found to positively impact the academic performance of certain students, but it
could also demotivate some students. Furthermore, female students generally showed a slightly
higher level of enjoyment toward the games compared to male students, but they did not prefer a
comparison with other students as much as male students did. The favorable response from students
toward digital game-based activities indicates that enhancing instruction with such activities will not
only make learning an enjoyable experience for learners but also enhance their engagement.

Keywords: gamification; digital game-based learning; engagement; pedagogy design; motivation;
leaderboard; emerging technologies

1. Introduction

The world of academia is currently facing a serious crisis—a crisis of engagement [1–4].
Humankind has gone too far into exploring entertainment options, while the education
system has not really kept up and has barely progressed beyond 1900. The traditional
methods used for engagement no longer hold our attention the way they once did because
we have become used to so much engagement per second. This situation is exacerbated
when teaching online or in large classes at universities, where there is little or no interaction
between students and teachers. COVID-19 compelled the academic sector to embrace
online learning as a means of survival [4]. This abrupt shift left instructors stranded on
how to engage students in this mode of setting and facilitate learning. Many instructors
faced difficulty in engaging students in a meaningful way during the online delivery [5].
This might be due to distractions, lack of supervision, and nonacademic use of digital
devices mainly for interacting with social media and playing games. Furthermore, the
lack of learning of interaction with the teacher and in-person loss of learning is sometimes
critical for a student in need of assistance. Strategies such as scaffolding the learning
material, synchronous class meetings, use of breakout rooms, use of quizzing programs,
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and polling helped overcome the pyramid of challenges posed by remote teaching [6].
The implementation of these strategies necessitates the employment of technology; for-
tunately, numerous applications are at our disposal. The integration of online activities
has been highly effective in fostering student engagement during in-person teaching, as
this approach was previously uncommon for students and succeeded in capturing their
attention [3,7,8]. Initially, online activities were instrumental in engaging students during
the COVID-19 pandemic owing to their innovative nature. However, their appeal gradually
diminished as these methods became routine, resulting in a decline in motivation and
making it challenging for students to concentrate on course content, whether in online or
in-person classes. Therefore, it is crucial to explore alternative digital technologies, such
as AI-generated applications [9], chatbots [10], podcasting [11], interactive whiteboards,
augmented reality [12,13], and gamification [14]. Many of these technologies have been
explored extensively, while others are emerging and not quite mature yet. AR and gami-
fication are two relatively new technologies that have the potential to attract and engage
students, thereby promoting active learning. The deployment of AI-generated applications
has many ethical issues that need to be solved before they can be used freely in class. The
value of interpersonal communication and human engagement in the classroom might
be diminished by the usage of chatbots. Podcasting is not an active method, and inter-
active whiteboards are not only expensive, but also fragile, and their use is problematic
in large classrooms, especially for backbenchers. AR is a relatively new technology, but
it has its own issues which make it hard to implement in the classroom. It requires a
device with higher computation power, a high-speed internet connection, long battery
life, and greater data storage capacity. Furthermore, there is a lack of tools or apps that
can quickly be adopted for instruction design. On the other hand, with the increasing
popularity of video games across all age groups, digital game-based learning can prove to
be a valuable tool in energizing students and encouraging active learning in the classroom.
Game-based or gamified activities have been utilized for a considerable period to create
courses that not only make learning enjoyable but also engage and motivate students in
both traditional and online learning environments [15]. Furthermore, playing games also
improves decision-making, and those who play action-based video games make judgments
25% faster than the average person while maintaining the same level of accuracy. The
gamers make decisions and take actions up to six times per second, which is four times
quicker than the average person [16]. In the future, the immersive and interactive elements
of gamification may be improved with the help of AR and VR technologies, which also
opens up new opportunities and problems. We believe that augmented reality game-based
learning (ARGBL) will become increasingly relevant in technology-enhanced learning as
the above-mentioned issues are resolved.

Digital game-based learning involves linking subject content to gameplay, enabling
students to apply their knowledge in real-world scenarios, thereby making learning more
engaging and enjoyable. Through game-based activities, students are presented with
challenges and obstacles that motivate them to work harder, increasing their sense of
accomplishment and self-esteem upon overcoming these obstacles. Additionally, games
involve social interactions with other players, allowing students to establish relationships
and a sense of community, which can be crucial in online learning environments where
students may feel isolated [17]. Most importantly, games are entertaining, and, when
students enjoy themselves, they are more likely to be motivated to continue learning.
Overall, game-based activities can be a highly effective way to engage and motivate
students, enabling them to invest more in their learning and achieve better outcomes.

The incorporation of game-like characteristics into a non-game environment is referred
to as gamification. The most commonly used gamification elements are points, badges, and
leaderboards. Leaderboards are a vital component of game design and a powerful tool for
motivating users through competition [18]. However, certain studies suggest that the use
of leaderboards can demotivate students [19,20].
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Game-based learning often requires specialized hardware or software, which can be
expensive and time-consuming to set up and maintain. Technical issues such as glitches or
system crashes can also interfere with learning and frustrate students [21]. If it is too tedious
or expensive, then the instructor might not be motivated to implement them in the class.
Therefore, instructors have to analyze factors such as cost, developing tasks, and availability
of digital resources before using games in the classroom. In addition, games should be
compatible with the course curriculum and learning goals. The games that educators choose
to use must be pertinent and successful in reaching learning objectives [22]. Considering
these arguments, we enhanced the online teaching instruction with simple game-based
activities implementing sorting games such as Vortex for exploring student engagement
and motivation. Furthermore, gender is one of the many factors that can influence an
individual’s perception of game-based learning, but it is not the only factor. Research
has shown that both males and females can have positive perceptions of game-based
learning, but the specific games and learning outcomes that appeal to each gender may
vary. Therefore, it is important to explore the differences in gender perception toward
Vortex-based quizzes.

To sum up, research has shown that, when students have ownership of an educational
tool, it can enhance their attitude, motivation, interest, and learning outcomes [23]. Many
online activities and games provide opportunities for students to take control, which is
why they often return to these games to practice. Additionally, these activities require
minimal teacher intervention, as the game itself usually provides answers or results. This
promotes students’ self-reliance when using digital resources and minimizes disruptions to
their work.

1.1. Research Question

The goal of this study is to ascertain how using Vortex as a game in a non-game
learning setting has an effect from the viewpoints of university undergrads. Specifically, it
examines student motivation and engagement levels, as well as gender differences, when
using a digital game-based quiz tool and a conventional tool. The study was conducted in
two phases, where two different digital platforms were used in the first phase to compare
engagement and motivation as well as the impact of the leaderboard. We used a game-
based platform only during the second phase to examine gender differences. Inspired
by Keller’s motivational design process, the lecture component of an online course was
redesigned to include game-based learning activities. Students can complete these activities
in class using personal devices. The students were provided time to complete the activity
at the beginning, middle, and end of the lecture. This study answers the following research
questions:

• RQ 1: How are students’ engagement and motivation affected by the usage of game-
based activities?

• RQ 2: What is the impact of the leaderboard on student motivation and behavior?
• RQ 3: Do males or females have the same perception toward game-based activities?

1.2. Literature Review

More than 2.6 billion people enjoy video or computer games worldwide, and the
number is growing daily. For instance, according to the NPD Group (NPD, 2019), the
number of individuals playing computer games increased by 6% between 2018 and 2019.
Every other person aged 6 to 64 who lived in the five main European nations of France,
Italy, Germany, Spain, and the UK played video games, according to statistics gathered by
the Interactive Software Federation of Europe [24]. The information showed that players
of all ages enjoyed playing games on the computer, these are especially popular among
young people. Among young poll participants, the percentage of players reached 70%
(15–25 years old). The typical player’s weekly gaming time was estimated to be 9.5 h, and
47% of all players who took part in the survey identified as female. The Statistical Office
of the European Union [25] carried out a larger poll in 2019 that covered the majority of
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European nations. According to this survey’s data, which was gathered in 2018, 33% of all
individuals between the ages of 16 and 74 had played video games.

Several educational and psychological theories support the use of game-based learning.
Constructivism theory suggests that students learn the best when they actively construct
their knowledge through experiences and interactions [26]. Games provide an opportunity
for students to explore, experiment, and make decisions that impact the outcomes of
the game. This also helps them to construct their knowledge in a meaningful way. The
experiential learning theory [27] emphasizes the importance of direct experience and
reflection in the learning process. Games provide an opportunity for students to experience
different scenarios and to reflect on their decisions, leading to a deeper understanding of
the contents being learned. The flow theory [28] describes a state of deep engagement and
enjoyment that can be achieved when a person is completely immersed in an activity. It
suggests creating a balance between skill level and challenge to avoid anxiety and continue
the flow of the game.

Many pieces of research have shown that most people enjoy playing games, and
this enjoyment can lead to an increase in engagement and motivation during educational
activities [29]. The concept of gamification has gained extensive attention in recent years as
a possible way to make learning more enjoyable and engaging. Gamification involves incor-
porating game-like structures, such as points, badges, and leaderboards, into educational
activities to increase motivation and engagement. Several studies in the academic literature
have emphasized the advantages of incorporating gamification into the educational process,
such as an enhancement of students’ capacity to acquire new competencies, attendance,
motivation, and participation in undergraduate course activities by using points, leader-
boards, levels, and badges [30–33]. Although various gamification methods have been
applied and implemented in educational contexts during the last decade to achieve certain
goals, their effect on student performance and motivation is still questionable [18,19,34–36].

Many of the existing student response systems (SRSs) have incorporated game features
to boost student engagement such as Space Race games in Socrative [37]. Kahoot! was the
first to offer a gaming experience using game design concepts from the theory of intrinsic
motivation [38] and game flow [39]. It has been used in a variety of ways to enhance
teaching/learning in a fun and interactive way for engaging students and make learning
more enjoyable and memorable [40–47]. Although these SRSs can be a useful tool for
promoting engagement and assessing knowledge in the classroom, they cannot be used
outside the classroom due to their synchronous nature as they always require a facilitator.
In addition, they are time-consuming and have a limit on participants. Using such tools
is fun but hampers the learning process. Therefore, they are suitable for occasional use
but not as permanent instruction methods. The Vortex sorting game, on the other hand,
is simple and has been used for improving vocabulary which is crucial for learning new
topics [48].

A strong conclusion that arises from literature is the importance of the context. A
contextualization strategy is generally thought to result in improved comprehension. Learn-
ers respond differently to the same gamification setup; effectiveness in one context may
not be the same in another context. This vagueness about the use of gaming elements
in educational settings makes it important to stress context-specific studies for a better
understanding of its impact on student performance and motivation [35,49–52].

Leaderboards are the most commonly used method for course gamification [18]. Use-
fulness and relative easiness of setup are some of the apparent reasons for their frequent use.
Leaderboards provide comparative feedback to the students of a gamified course about their
performance against other students using points and ranks. Many studies have reported that
leaderboards can positively impact the achievements of learners [18,53,54], engagement [30],
and the amount of completed work [21,36,55], while maintaining performance [56] and course
attendance [57]. While gamifying a course with leaderboards, the aforementioned favorable
verdicts come with some concerns that need to be handled. These concerns can lead to affecting
student participation, possibly even resulting in high drop-out rates if the course leaderboards

146



Computers 2023, 12, 177

can only sustain engagement for a short time period [18,58]. If students focus on achieving the
extrinsic goals offered by a leaderboard instead of the assigned tasks, this could distract the
student learning and result in low-quality work [21,56,59].

The competitive nature of a leaderboard may attract higher-performing competitive
students but can backfire with low-performing students [18,32,33,53,60]. Short-term perfor-
mance gains from an extrinsically rewarding leaderboard may come at the cost of students’
intrinsic motivation [19,56,58,60]. The authors in [19,56] reported a significant improve-
ment in the learning performance of students in the gamified condition in programming
and language courses. The latter also discovered that the students’ focus on the extrinsic
rewards used by the leaderboard uplifted their performance until the point they achieved
the threshold and diminished consequently. They also pointed out that the use of points,
rank, and forced social comparison to control behavior resulted in a shift from intrinsic
to extrinsic motivation. However, the authors of [61] suggested otherwise, stating that
incorporating competitive gaming elements, such as badges and leaderboards, may hurt
low-performance students.

Students’ personalities [62] and genders [22] affect their perception of game elements in
an educational context, and gender disparities can impact students’ academic performance.
For instance, the authors of [63] discovered that female students excelled more than male
students in a particular learning task. Likewise, the authors of [17] found that female
students had higher academic achievements compared to male students. Despite both
genders having comparable levels of intellectual capacity, this outcome was attributed to
variations in their personality traits. It was shown by the authors of [64] that feedback
might be more helpful to females than males, while less extroverted students may find
progress bars more useful than those who are more extroverted and see the value in badges
in gamified courses than their counterparts.

1.3. Vortex Sorting Game

Schwabe and Goth defined the criteria for creating gamifying instruction material
to engage them in a meaningful way [65]. They underlined six structural elements that
should characterize the game to achieve the goals in a fun way: rules, objectives and goals,
outcome and feedback, competition and challenges, interaction, and story. We adhered
to these criteria when selecting the game, called Vortex, for integration with teaching
activities.

Vortex is the most recent game template released by ClassTools for designing online
games, in which participants must classify words or phrases into up to four categories.
When students play a Vortex game, they must sort terms that appear on the screen as
quickly as possible. This game has very simple rules which make it very easy for students
to follow without any cognitive overloading. The objective is to familiarize the students
with the vocabulary of technical terms, definitions, and key points of the topic as soon as
a topic is covered. The goal is to engage the students with the course material, and this
retrieval-based learning strategy helps students learn faster. It can also work as a multiple-
choice question or true–false quiz, forcing the student to choose the right option only. This
also provides immediate feedback to students on their learning, as wrong answers are not
accepted by the game, and the music generated indicates that the student’s response is
wrong. This type of confirmatory feedback reduces ambiguity about the concepts learned
and helps in the attainment of goals. The scores are based on how quickly and accurately
the terms are sorted. This also provides feedback on their retention of knowledge as a low
score indicates that the student did not make many mistakes, indicating that the student has
a good grasp of the topic. The student is not only competing against their previous efforts
but also their fellow students as the scores are displayed on the leaderboard. This not only
poses a challenge but also creates a competitive environment. This creates an opportunity
to interact and opens a channel of communication with fellow students—another important
element of course design.
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Students can play Vortex game-based quiz activities (GBQAs) asynchronously during
lectures, at the end of the day, near assessment times, and during their free time reviewing
the material. Moreover, Vortex is simple to use, develops activities easily and quickly,
is free for instructors and students, is compatible with a wide range of devices, and is
suitable for a variety of teaching and learning styles. Therefore, Vortex seems to offer great
potential for involving and evaluating students while remaining simple to use, inexpensive,
and adaptable. Digital devices such as smartphones, tablets, and laptops support Vortex-
based formative assessment activities. These activities do not need the installation of any
application and only require access to the Internet. A screenshot of the activity related to
the topic of ethics is shown in Figure 1.

 
Figure 1. Screenshot of Vortex-based activity.

2. Materials and Methods

2.1. Research Subject

This study was conducted in two phases to achieve the objectives listed in the pre-
vious section. During the first phase, the research subject comprised over 276 students
(aged 19–22 years) enrolled in five parallel classes of an undergraduate engineering semi-
nar course taught by different instructors. This course was offered online during the spring
semester of 2022 by the Department of Electrical Engineering, of which only 101 students partici-
pated in the survey, including both males (82.0%) and females (18.0%), and the majority of them
belonged to the sophomore year. Similarly, more than 120 students registered for this course
offered during the summer of 2022, and two parallel classes taught by the same teacher took part
in the activities, of which 107 participated in the study, including both males (42.1%) and females
(58.9%). It can be noted that a significantly higher number of students participated in the survey
during the summer of 2022 because students take fewer courses during the relatively short
summer semester and devote their time and effort to this course. In addition, this course does
not have a final exam, meaning that students have more free time in the end and can afford to
spend some time completing the survey. Furthermore, the instructor allocated time to complete
the survey at the start and end of the lecture. The participants were under no obligation to
participate in the research as part of their coursework, and it was completely voluntary. The
objective was to explore the effect of game-based and gamified quizzes on student engagement
and motivation. To promote acceptance and a judgment-free environment, student response
systems were handled anonymously. Students had to complete the Vortex quiz activities using
any name or ID number. The summer 2022 study was designed to examine gender differences
in completing game-based tasks, and students were rewarded for completing activities, but no
reward was offered for participating in the survey.
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2.2. Study Design

This study is descriptive in nature and uses a survey research design to examine the
status of transformation. The present study was conducted during the spring semester
for sophomore students studying the “Electrical and Computer Engineering Sophomore
Seminar” course toward a Bachelor of Electrical Engineering. This was borne out of the
lecturer’s (first author) desire to enhance the online lecture experience for engineering
students with the overall goal of improving student engagement by providing active
learning opportunities in the classroom. These activities can be referred to as competitive
games as participants in competing games attempt to complete the task ahead of their
opponents. These competition-based games are also called rousing games as they are used
to energize students. Students can access these activities through the link provided on the
course page on Moodle.

We based our study on the hypothesis that intrinsic motivation creates deeper engage-
ment, which leads to deeper learning. Our focus was on motivating the students to engage
with the learning material. Instrumental students pay more attention to the activities
which can help them to improve their grades. In this context, students are less bothered
to pay attention to such a course which does not help them in improving their GPA. It
is a very challenging task to motivate the students to engage with the material in such a
course, and this was the rationale behind the selection of this course for implementing
game-based learning. This proposed weakness is actually the main strength of our study. If
this instruction strategy proves successful in motivating and engaging students, then its
success is guaranteed in a high-importance course.

2.3. Instruction Design

This study assesses the use of game-based and Moodle-based quiz activities (MBQAs)
promoting active learning in the online setting of teaching. Game-based activities are
created in accordance with Keller’s [66] ARCS (attention, relevance, confidence, and satis-
faction) model of motivation and self-determination theory (SDT) [67]. ARCS stresses that
the teaching activities and materials must be matched with these four factors to improve
the learning performance of the students and attain increased stimulation. Similarly, SDT
is frequently used to comprehend human motivation in a variety of contexts, including
games, employment, and education. According to SDT, people are most motivated when
they feel in control of their conduct, when they are competent in what they do, and when
they are linked to other people. Games that give players the chance to feel related, compe-
tent, and autonomous are more likely to be entertaining and increase player motivation.
Individuals are less likely to be motivated when these requirements are not met, and they
may also suffer from negative effects including stress, anxiety, and sadness. The GBQAs
implemented in this study, shown in Table 1, are a relatively new experience for students
which draws the attention of students’ attention, piques their enthusiasm, and fosters a
positive learning environment. These activities are related to the curriculum; they are
played independently without intervention from the instructor, thus providing them with
full control and resulting in confidence. Students feel satisfied when they answer a question
correctly, finish an activity quickly, and see themselves performing better than their peers.
The complexity of the topic, the timing, and the integration of an activity into a class were
all taken into consideration when developing the activities. Each activity can be completed
within one to three minutes, allowing it to incorporate more diverse activities without
repetition and getting students bored.

A student’s motivation is what propels them to act. The visible activity or proof of that
motivation is engagement. Engagement requires motivation, yet successful engagement
may also encourage students to remain motivated in the future. Meaningful engagement
fosters deeper learning. These activities supplement the current instruction design, which
is aligned with the course learning outcomes. Thus, completing these activities will help
students in achieving the learning outcomes. In addition to being a goal in and of itself,
student engagement in learning also serves as a vehicle for students to achieve successful
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academic outcomes [68]. We can also measure how helpful these activities were in achieving
the learning outcome. We had data in the form of assessment grades as this course has six
assessments covering one or two. These assessment grades could be an indication if the
student achieved learning outcomes or not, but the literature does not recommend using
assessment grades to assess the student’s learning as a result of these activities. This issue
can be addressed in future work.

Table 1. List of activities.

SR. # Topic Questions

A1 Plan of study 10

A2 Lab safety 25

A3 Cover letter writing 15

A4 Resume writing 12

A5 Professional ethics 21

A6 NSPE code 12

A7 EDP 20

A8 Making PowerPoint slides 17

A9 Learning strategies 12

A10 Writing report 20
# means Serial Number in this Table.

2.4. Instrument

A short questionnaire comprising three parts was designed as a research instrument
to collect data. The first part was designed to obtain demographic information from the
participants. The second part used a five-point scale, ranging from strongly disagree (SD)
to strongly agree (SA), to capture the opinions of the participants on 13 statements given in
Table 2. The third part comprised open-ended questions to obtain the participants’ unre-
strained opinions. The first half of the questionnaire was focused on assessing engagement
and motivation, and the second half was focused on the leaderboard. Q1 assessed the enjoy-
ment imparted by the game. Q2, Q3, Q4, Q7, Q10, and Q11 assessed the perceived feeling of
motivation, while Q3 and Q6 were a self-assessment of student learning. Q7–Q11 focused
on assessing the impact of the leaderboard. Q12 and Q13 assessed students’ engagement
in and out of class. The reliability of the questionnaire calculated using Cronbach’s alpha
(CA) was found to be 0.835; thus, it was highly reliable.

Since this study explores the effectiveness of instruction design based on digital
technology for engaging students, we considered both the technology acceptance model
(TAM) [69] and the student engagement in schools’ questionnaires [70] to gauge the degree
to which students accepted the GBL and became engaged. The success of integrating
game-based learning activities into the current teaching technique cannot be assured unless
students accept it. According to the technology acceptance model (TAM), if students are
prepared for the technology and it satisfies their expectations, it will be accepted. The
simplicity of use and utility of technology are perceived using this paradigm, which might
affect people’s behavior toward embracing the technology. Candidate items 1, 8, 12, and 13
in the questionnaire indicated ease of use, while others were related to perceived usefulness.
Similarly, SESQ is an instrument to measure engagement from a student perspective that is
an outcome of the collaboration of researchers from 19 different countries. For the objectives
of this study, only the items expressing engagement markers, such as affective (Q1, Q2, Q4,
Q8, Q9) and behavioral (Q10–Q13) are considered.
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Table 2. Survey questions.

Number Description

Question 1 I had fun when playing the game.

Question 2 The game-based activities motivated me to complete the class activities.

Question 3 I believe that the games improved my understanding of the covered topics.

Question 4 The game-based activities motivated me to arrive at class on time.

Question 5 The game-based activities helped me to engage with the class material.

Question 6 The game-based activities were beneficial to my overall learning.

Question 7 I was more motivated to study the course material every week to do well on the leaderboard for the
game-based activities.

Question 8 I saw my comparison with the class.

Question 9 It is important for me to see my position among my class fellows.

Question 10 My comparison with the class fellows motivated me to study more.

Question 11 Seeing my class fellow doing well made me study more.

Question 12 I prefer to play game live during class time.

Question 13 I also played this game outside lecture time just for fun.

There was only one open-ended question for knowing the opinion of the participant:

• Mention anything you liked or did not like about game-based activity or if you have
any suggestions.

We omitted negatively phrased questions to keep the questionnaire short, as, on the
basis of our experience, lengthy questionnaires may demotivate students and they might
not keep the complete questionnaire, thus affecting the completion rate in a negative way.
There is a long tradition of including items in questionnaires that are phrased both positively
and negatively to minimize extreme response bias and acquiescent bias. Despite published
concerns about acquiescence bias, there is little evidence that the common practice of
including both positive and negatively worded items solves the problem. The research
conducted by Sauro and Lewis [71] found little evidence for these biases and reported
that response bias effects are at best small and outweighed by the real effects of miscoding
and misinterpreting by users. Furthermore, we used a five-point scale, ranging from
strongly disagree (SD) to strongly agree (SA), to capture the opinions of the participants on
13 statements given in Table 2. Therefore, the negative statements are reflected by the scale.

2.5. Research Procedure

In the first experiment investigating the students’ engagement, interactivity, and the
impact of the leaderboard, all participants were divided into five different groups with
30–50 students in each group as shown in Table 3. The groups either completed the Vortex
game-based activities or the MBQAs which were not designed using games. Furthermore,
we made use of a leaderboard for some groups. During the second phase of the experiment,
both groups completed the game-based activities only as we wanted to investigate the
gender differences in the game-based instructions.

An online Survey Monkey form was used for data collection, and the link was shared
with participants through the Moodle page and Moodle messages. The participants’
responses were recorded. The questionnaires provided to the participants were anonymous,
ensuring that they did not carry any information that could help identify them. Analyses of
the data, frequency, percentage, mean, standard deviation, and survey results are discussed
in Section 3. A thematic analysis was used to analyze the open-ended questions, and three
main themes were identified using an inductive approach. Similar conceptual categories
were merged to create larger overarching themes relevant to teachers’ perceptions.
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Table 3. Experiment and control groups.

Control
Group #

Semester Mode Leaderboard Enrolled Surveyed

TCG1 Spring 2022 GBQA/MBQA No 51 24

TCG2 Spring 2022 GBQA Yes 30 29

TCG3 Spring 2022 GBQA No 32 13

TCG4 Spring 2022 MBQA No 49 17

TCG5 Spring 2022 MBQA Yes 38 18

TCG6 Summer 2022 GBQA No 66 63

TCG7 Summer 2022 GBQA No 60 44
# means Control Group Number in this Table.

2.6. Research Ethics

The study was conducted by the Declaration of Helsinki and the protocol was ap-
proved by the Research Committee (RSV-004-03/08/2022). The survey was conducted
online to ensure the anonymity of the participants. In addition, the participants were given
an anonymous questionnaire with no data that could be used to identify the respondents.

3. Results

The collected data were analyzed using the R software version 4.0.3 [72]. First, we
performed a univariate analysis including the descriptive statistics of the survey results.
We then performed a bivariate analysis including the hypothesis tests for comparing the
results of different groups in the activities. Regarding the range of studies attained, it can
be seen that the vast majority of the participants belonged to the freshman year (47.5%),
followed by the junior year (35.6%), and 6.9% belonged to the senior year. A breakdown of
the participants is provided in Table A1 in Appendix A.

3.1. Activities Results

The activity completion rate for five different groups is shown in Figure 2. It can
be seen that the completion rate of TCG1 was approximately 70% or higher for activities
2–5 which are game-based and dropped below 50% for subsequent activities which were
Moodle-based. TCG2, assigned to game-based activities incorporating a leaderboard,
initially had a completion rate of more than 60%, which dropped to as low as 30% later
on. TCG3, game-based activities without a leaderboard, had an activity completion rate
of approximately 70% or higher for the first six activities and then dropped below 40%
for subsequent activities. Groups TCG4 and TCG5 (both groups assigned MBQA) had
consistently low activity completion rates of approximately 20% or below. However, TCG5
had a higher activity completion rate than TCG4 did.

The average number of times that students completed activities is presented in Figure 3.
It can be observed that the game-based groups had a higher access rate compared to the
Moodle-based groups, indicating greater online engagement among students in the former.
Furthermore, the access rate for TCG1 dropped to below 1.5 after switching from GBQAs
to MBQAs after five activities. Additionally, TCG2 has a higher access rate compared to
TCG3, suggesting that students in groups with a leaderboard tended to complete activities
more frequently than those without a leaderboard.

Figure 4 presents the average scores of three groups, TCG1, TCG2, and TCG3, who
completed game-based activities. The score recorded was the time taken to complete the
activity, which serves as an indicator of performance, with lower scores indicating better
performance. It can be observed that the group with the leaderboard (TCG2) outperformed
the groups without a leaderboard, namely, TCG1 and TCG3, in nearly all activities, sug-
gesting that the presence of a leaderboard may have positively impacted performance in
these activities.
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Figure 2. The activity completion rate for different groups during spring 2022.

 
Figure 3. Number of times an activity was accessed by a student on average.

 
Figure 4. GBQA completion time comparison for different groups.

TCG2 completed the activities using Vortex with a leaderboard, while TCG3 (M3)
completed the game-based activities without the leaderboard. It should be noted that
a lower score for game-based activities is an indication of better performance. TCG3
performed slightly better than TCG2. We performed t-tests (α = 0.05), and all p-values
were greater than 0.05, indicating no statistically significant difference between the average
activity scores for the groups with leaderboard and without leaderboard. The leaderboard
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created a competition among the students, and the parameter measuring the performance
was the time taken to complete the activities. Competition motivates the students to do
well and reduces the time to complete the activities. This is only possible if students grasp
the concepts. Thus, a lower score means that the student was motivated to do better.

We also collected data for Moodle-based online quiz activities. Table 4 summarizes the
average scores and standard deviations in TCG5 (with leaderboard) and TCG4 (without
leaderboard). It should be noted that a higher score for MBQAs indicates higher perfor-
mance. We can see that TCG5 performed better than TCG4 in three out of four cases,
showing that the leaderboard had an impact on student performance. We can observe that
all p-values were greater than 0.05, indicating that there was no statistically significant dif-
ference between the average activity scores of TCG5 and TCG4. Thus, using a leaderboard
in Moodle to complete the various game activities had no particular impact.

Table 4. Comparison of scores between groups that completed MBQA with and without a leaderboard.

Activity TCG5 TCG4 p-Value

A1 88.0 (8.37) 65.0 (30.2) 0.125

A2 92.8 (10.9) 83.6 (23.7) 0.368

A3 76.7 (22.4) 91.7 (9.62) 0.228

A5 75.0 (16.7) 63.9 (26.7) 0.441

The results provided in Table 5 represent a comparison of the activity completion
times of the male and female groups. Activity completion times were higher for females
than for males for every game activity, except for the first activity. Completing the activity
related to lab safety was the most time-consuming for both genders. On the other hand,
the activity related to making PowerPoint slides was completed in half the time required
for lab safety activities. The p-values indicated a statistically significant difference between
the average score for the activity regarding cover letter writing (p-value = 0.001), resume
writing (p-value < 0.001), professional ethics (p-value = 0.004), and the engineering design
process (p-value = 0.001) in the two groups. These results suggest that male users could
complete these activities significantly faster than female users.

Table 5. Activity completion times for female and male participants.

Activity
TCG7 (Male) TCG6 (Female)

Mean SD Min. Max. Mean SD Min. Max.

A1 73.04 52.50 17 232 73.16 73.50 21 351

A2 103.72 46.76 45 204 110.87 59.38 45 321

A3 68.74 34.35 25 175 97.36 51.92 30 336

A4 48.04 23.55 22 141 84.27 57.96 33 438

A5 83.20 25.80 36 166 102.95 41.28 52 253

A7 78.90 21.75 46 138 105.14 47.01 42 314

A8 51.67 25.59 27 161 56.59 23.84 31 152

3.2. Survey Results

The distribution of the survey results is shown in Figures 5 and 6 for spring 2022 and
summer 2022, respectively. A detailed breakdown of responses based on demographics is
provided for spring 2022 and summer 2022 in Table A1 in Appendix A.
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Figure 5. Responses to survey questions during spring 2022.

 

Figure 6. Comparison of questionnaire responses from different genders from summer 2022.

In response to question 1, only 59.94% of the participants (mean = 2.92; SD = 1.24)
reported having fun while playing the game to complete the GBQAs, and 10.89% did not
find it enjoyable at all. Interestingly, a higher percentage of females (83.3%) compared to
males (54.2%) found it fun. In the summer, 58.59% of participants agreed that the game
was enjoyable, with 74.9% of females responding positively compared to 79.4% of males. It
is noteworthy that around 40% of the participants did not agree that they had fun, with
30% expressing a neutral stance. This finding is surprising, as games are generally believed
to be enjoyable and memorable for most people, making them effective tools for learning.
It can be speculated that students with high expertise levels may not have found the game
challenging, which could have influenced their perception of fun. When asked about their
motivation to complete the activities, the responses showed that 74.25% of participants
in spring (mean = 2.92; SD = 1.22) and 74.76% in summer felt motivated. Interestingly, a
higher percentage of females reported feeling motivated compared to male students, both
in spring (88.9% vs. 71.1%) and in summer (77.8% vs. 70.5%).
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Around 77% of the participants for both phases thought that these activities improved
their understanding of the covered topic and, again, more females agreed to this point as
compared to male counterparts for spring, 88.9%, and 74.7%, respectively. The ratio was
the same for both genders in the summer. A very low number of participants, around 18%
during spring and 49.5% during summer, agreed when asked if the activities motivated
them to arrive in class on time. An equal percentage of both males and females had this
opinion during spring and summer. The results related to the engagement with class
material showed that only 67.73% of participants during spring and 77.5% during summer
agreed that the game-based activities helped them to engage with the class material,
while 24.75% disagreed, and the others were neutral. More males agreed than females in
spring (68.7% vs. 79.5%) and summer (79.5% vs. 76.2%). For spring data, around 60% of
participants thought that these activities were beneficial to their overall learning, while
13.86% disagreed and others were neutral. A slightly higher percentage of males agreed
than females, 60.2% and 55.6%, respectively. For summer, around 75% of the participants
thought that these activities were beneficial to their overall learning, while 21.49% were
neutral. The percentage of males who agreed was lower than that of females, 70.5% and
79.4%, respectively. Only half (52%) of the participants during spring felt motivated to
study the course material every week to do well on the leaderboard, and this number was
60.74% during summer. Female students were more determined to do well than males,
with agreement rates of 72.2% and 47%, respectively. The gap narrowed during the summer,
and the response was around 62% and 59% during the summer. More senior students
agreed (71.4%) than the sophomore (50.9%) and junior (50%) students. Only slightly more
than half (51.28% during spring and 57.94% during summer) of the participants confirmed
that they saw their comparison with the class, and 30% were neutral for both spring and
summer. A higher female proportion (61.1%) saw their comparison than males (49.4%) in
spring, and this trend reversed in summer (55.6% females and 61.4% males).

Around ~60% during spring and 66.35% during summer agreed that it was important
for them to see their position among the class, whereas around 18% during spring and
14% during summer disagreed, and the remainder were neutral. A higher number of
sophomore students (66.7%) agreed than others. More than 60% of participants registered
in spring agreed that their comparison with the class fellows motivated them to study more,
while 14% disagreed, and others were neutral. The response was similar in the summer,
where 57.94% agreed and 29.91% were neutral. The gender response was the same both in
spring and summer. In response to the question of whether seeing their class fellows made
them study more, around 60% of participants agreed, 20% disagreed, and others were
neutral during spring. Overall, 50% of females and 61.4% of males responded positively.
For the summer survey, 50.46% agreed and 22.42% disagreed. The percentage of female
(54%) participants agreeing was more than males (45.5%).

Students did not like to play the game during lecture time as only 39.60% and 46.72%
of participants said so for spring and summer surveys, respectively. More females said
so during spring (50.4% females vs. 37.3% males) and during summer (52.4% females vs.
38.6% males), and this proportion was higher for females and sophomore students. The
majority of the participants who took part in the survey during spring 2022 (around 75%)
played this game outside the lecture hour, with 22% being neutral. There was no major
discrepancy among the responses of participants belonging to different demographics.

There were two survey questions where the participants had the opportunity to state
their preferences regarding the GBQAs or MBQAs.

Q14: Which of the activities did you enjoy more?
Q15: Which one would you recommend for future use?
More than half of the participants enjoyed game-based activities (68.32%), and they

recommended it for future use (67.33%).
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3.3. Analysis of Open-Ended Survey Responses

The opinions of the survey participants regarding game-based activities, including
their suggestions, were assessed through open-ended questions. Open-ended questions do
not restrict the participants to a set of predetermined answer options; therefore, they allow
for gathering a wide range of sincere opinions from the survey subject, but they demand
more time, consideration, and thought from the respondent. Therefore, some participants
abstained from responding or responded limitedly, making the responses hard to analyze.
The responses were imported to R, and thematic analyses, including text-mining processes,
were carried out. Similar responses based on commonly used frequent keywords were
grouped, forming three main categories.

Theme 1: Game-based activities are a good way to review the course material.
Thematic analysis revealed that the students found game-based activities useful

because they helped them to provide an overview of the topics studied during the lectures.
“What I like is that it is a new way to understand and review the course material.”
“What I liked about the game-based activity is that it is a fantastic method to review

lecture material.”
Theme 2: Game-based activities help students to become more engaged in the lectures.
The students felt more engaged when participating in game-based activities which

helped them focus their attention on the lecture topics. This was also evident from the
student responses given below.

“Great idea to engage the students in the class material.”
“It is good to use live games where all students get engaged at the same time with the

same question and to see who solves them faster and correctly.”
Theme 3: Playing games was a fun and satisfying experience.
The thematic analysis revealed that playing the game-based activities created a positive

atmosphere in the classroom, which could help students to perform better.
“I enjoyed playing the games; they helped to build a better connection between me

and my class and professor. It was fun interacting with everyone when playing the game.”
“Winning the game was so satisfying.”

4. Discussion

RQ1: How are students’ engagement and motivation affected by the usage of game-based
activities?

The analysis of activity data and survey responses revealed that GBQAs were more
effective in engaging students in the educational process compared to MBQAs. This is
evident from the higher activity completion rate (Figure 2), the average activity access
rate (Figure 3), and the responses to the survey questions. It is also clear from Table A1
that groups completing game-based elements said that they were more engaged and had
slightly more fun than those completing Moodle-based games. The higher completion rate
for GBQAs compared to Moodle-based learning suggests that game-based learning was
more engaging for students. Additionally, the higher average completion rate indicates
that students were more actively involved in the game, which aligns with the findings of
previous studies (e.g., [20,29,62]). Furthermore, students accessed game-based activities
more frequently than MBQAs, which could be for entertainment purposes or to improve
their scores for self-satisfaction. This highlights another important aspect of game-based
learning, as students who initially struggled may be motivated to improve and develop
a growth mindset, as discussed in Dostal’s study (2015) [73]. Consequently, students
with a growth mindset are more likely to attempt new approaches multiple times until
they succeed.

During the spring semester, over 60% of participants and, during the summer semester,
81% of participants expressed that they had fun while completing game-based activities,
which can serve as an indicator of engagement. Fun is commonly recognized as a crucial
element of in-game engagement, as it signifies that players are enjoying the gameplay
and are emotionally invested in the experience. When players have fun, they are more
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likely to continue playing, explore the game world, and be motivated to achieve in-game
goals [32]. The responses from Q5 demonstrate that a significant number of participants
found the game-based activities engaging. This innovative approach of using gaming
elements to present the material and challenge the students was successful in attracting
their attention and engaging them with the learning material [33]. Similarly, a large
number of participants during both phases were of the view that the games improved their
understanding of the covered topics, revealing that students were engaged in meaningful
ways through these game-based activities. When individuals have a clear understanding
of a topic or concept, they are more likely to engage with it. Understanding provides a
foundation for meaningful engagement, as it enables individuals to connect with the subject
matter, ask questions, and participate in discussions or activities related to it. Students who
understand the material being taught are more likely to actively participate in discussions,
ask questions, and complete assignments, leading to higher levels of engagement. From the
reciprocal perspective, meaningful engagement can deepen and reinforce understanding.
When individuals are actively engaged in an activity, they are more likely to process and
internalize the information, leading to a better understanding of the subject matter.

Analysis of Figure 2 revealed that the activity rate for groups completing GBQAs
was much higher than that for MBQAs. This indicates that game-based activities are an
effective strategy to motivate and engage students in learning, which is in line with the
findings of [34,55,57,60]. This is also evident from the statistics of TCG1, which had a
higher completion rate for the first half of GBQAs and a lower completion rate for MBQAs.
The use of GBQAs introduces variety and novelty into the learning experience, which can
help prevent monotony and increase students’ motivation. The interactive and dynamic
nature of the platform created a fresh and engaging learning environment, which may
pique students’ curiosity and motivation to explore and learn. It should be noted that
this is a zero-credit hour course with a pass or fail as a possible outcome. This means
that students had no extrinsic motivation to complete the activities; hence, we can safely
claim that they were intrinsically motivated to complete these activities. It can be seen
that the activity completion rate dropped in the latter half, which can be attributed to
several reasons. First, some students might have become bored after completing a few
activities because of simple game mechanics and considering the founding elements of
educational video games include fantasy, curiosity, challenges, and power when designing
games [74]. To sustain students’ interest, it is important to introduce new information
so that students feel challenged. However, designing such activities might overload the
teacher, and the nature of courses does not allow for the luxury of spending huge time
on gaming due to its disruptive nature. In addition, some teachers have no prior gaming
experience, which makes it difficult for them to modify it for educational reasons [75].
Second, as these activities did not carry any significant weight toward the final mark, some
students may have viewed them as unnecessary. Thirdly, the majority of students knew
about the possible outcome of their results and did not pay much attention to this course
as it would not have any impact on their grades, and they concentrated their efforts on
other courses whose outcomes could improve their grade point average (GPA). It can also
be noted that TCG5 had higher completion rates than TCG4, meaning that the leaderboard
did motivate slightly. Furthermore, as mentioned earlier, students were engaged more
through GBQAs, and such meaningful engagement promotes a sense of ownership and
responsibility for the learning process. When individuals are actively involved, they are
more motivated to take ownership of their learning and are more likely to be invested
in the outcomes. This can result in increased intrinsic motivation and a deeper sense
of commitment to the subject matter. This is also evident from the student response to
question 13, where an overwhelming majority of the students declared that they played
the games outside the lecture hour, which is an indication of intrinsic motivation. This
also indicates that the activities created interest in the subject matter and students were
willing to go beyond the required class hours to do well. Students can typically choose
their own pace, select topics or levels of difficulty, and have the flexibility to revisit and
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review content as needed. This autonomy can foster a sense of ownership and control over
their learning, which can positively impact their motivation. Another aspect of GBQAs is
the immediate feedback, which allows students to quickly assess their progress and make
improvements. This instant feedback can boost students’ motivation by providing them
with a clear understanding of their strengths and weaknesses and encouraging them to
strive for better performance.

RQ2: What is the impact of the leaderboard on student motivation and behavior?

The analysis of the average completion time for the game-based activities for three
different groups provided in Figure 4 reveals that the group with an additional gamifica-
tion element as a leaderboard performed better, which may have resulted in higher task
performance than those without a leaderboard. A similar trend can be observed from
the data provided in Table 4, where TCG2 performed slightly better than TCG3. Further-
more, it can be seen in Table A1 that groups TCG2 and TCG5 has more fun playing and
were more motivated than the groups not using the leaderboard. This means that the
leaderboard can motivate individuals or teams to perform better and strive for higher
rankings [53,54]. The visual representation of rankings and scores on a leaderboard can
trigger a desire to improve one’s position and achieve recognition, leading to increased
effort and engagement with the task. The desire to be at the top of the leaderboard can
create healthy competition and drive individuals to put in more effort. Knowing that their
performance is being tracked and compared to others can encourage individuals to stay
on track and perform to the best of their abilities. In some cases, leaderboards can foster a
sense of achievement, provide a clear goal to strive for and create a positive feedback loop
that encourages learners to perform better. Furthermore, the time to complete activities
was higher for groups without leaderboards (i.e., TCG1 and TCG2), indicating that these
students were not motivated to do well. The use of social features such as a leaderboard
promotes social interaction and competition among students. This social element can create
a sense of community, foster friendly competition, and increase motivation through social
recognition and support.

However, the impact of the leaderboard is not the same for everyone and depends
on multiple factors, including the specific context, design, and implementation of the
leaderboard system, as well as individual learner characteristics. This is evident from the
responses to Q7–Q11 as many students did not have a favorable opinion toward the use of
the leaderboard. For example, in response to question 11, both groups with leaderboards,
TCG2 and TCG5, did not agree that seeing others doing well motivated them. For some
students, leaderboards may create a sense of pressure or anxiety, leading to a negative
impact on their performance. It can also result in students focusing solely on achieving a
high rank on the leaderboard, rather than engaging deeply with the learning content or
developing a deep understanding of the material.

While leaderboards can be motivating for some individuals, they can also be demoti-
vating for others. Individuals who are consistently ranked lower may become discouraged
and give up, even if they are making progress and improving in other ways. Leaderboard
can create a culture of winners and losers, which may not be conducive to a positive work
environment. Students are less inclined to share knowledge or help each other, as they may
perceive others as competitors on the leaderboard. This can negatively impact peer-to-peer
learning, collaboration, and cooperation. This can be observed by the fact that a very small
number of the students responded positively to questions Q10 and Q11, which were related
to the leaderboard. It is also evident from the activity completion rate provided in Figure 2
that group TCG3 without a leaderboard had a higher activity completion rate compared to
the group with the leaderboard. In this research, we used absolute/infinite leaderboards
where all users and their scores are displayed on the Moodle page [19], giving players at
the top a greater feeling of accomplishment than players at the bottom. This has a negative
impact as it is not inclusive and poses a threat to introverted students as they feel that
they are forced into the competition, which may impact their attitude negatively. Students
who believe they will never reach the top are more likely to give up on their goals and
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might not take part in them at all, thus missing an opportunity to learn [76]. Students
who do not perform well or who are consistently at the bottom of the leaderboard may
experience decreased self-esteem or feelings of inadequacy, which can negatively impact
their motivation to continue participating or learning.

RQ3: Do males or females have the same perception toward game-based activities?

In terms of motivation for completing game-based activities, 77.8% of the female
gender answered affirmatively, compared to 70.5% of the male gender. In other words, a
greater number of females were motivated than males. This finding corresponds with that
of [77] implying that female players are considerably more motivated than male players in
a digital game of a moderate genre. The results from the comparison of activity completion
time for both genders, presented in Table 5 indicate that there was a difference in gameplay
behavior between males and females. On average, male students were slightly faster in
completing the activity compared to their female counterparts. This finding aligns with
a study conducted by [78], which reported that female students consistently spent more
time than male students on gameplay across different studies. Additionally, research
by [79] suggested that female students tend to prioritize goal clarity and social interaction
as more important factors in digital learning games, while male students tend to place
more emphasis on the challenge, progress feedback, and visual appeal in such games.
These findings highlight gender differences in gameplay behavior and preferences among
students, which could have implications for designing effective digital learning games that
cater to the diverse needs and preferences of learners of different genders.

When we analyzed the survey results of summer 2022, which contained a more
balanced proportion of students of both genders than those of spring 2022, it was revealed
that females enjoyed playing games more than males, and the same was evident from
the spring 2022 outcomes. Although more males (58.5%) play video games than females
(41.5%), as per the distribution of video game users in the United States in 2021, the
enjoyment of digital games is ultimately a personal preference and cannot be generalized
by gender. Males favor gameplay that involves strategy and clear directions from the
system, in contrast to females, who favor games that encourage exploration. Moreover,
males view digital games as a medium for socializing and skill development, whereas
women prefer to adopt autonomous learning. Unfortunately, Vortex-based quizzes lack
strategies but do have socialization features in the form of scores and leaderboards. All
of the groups had explicit leaderboards, due to which male students had slightly less fun
and motivation while playing games. This discovery concurs with that of Joiner et al. [80],
whose findings showed that gender differences in digital game preferences have an impact
on each group’s degree of motivation.

The responses to Q9 indicate that male students were more inclined to the comparison
with other students than females. In other words, male students were more inclined toward
the social comparison in this particular context in order to assess their competence. The
competitive nature of the leaderboard might have urged them to make more upward
comparisons and try to improve themselves compared to females who liked to have more
downward comparison. On the basis of the responses to Q12 of the summer 2022 survey,
it appears that a higher number of males compared to females did not prefer to complete
activities during class time. This could be attributed to various factors, such as gender
stereotypes, perceived lack of challenge, technological limitations, compulsory nature of
the activity, or personal learning preferences. Some male students may feel societal pressure
to conform to traditional gender norms and stereotypes that view game-based activities
as childish or not serious. They may worry about being perceived as immature or not
conforming to traditional masculine expectations, thus choosing to avoid such activities to
prevent potential social judgment. Additionally, some males may not have found the games
challenging enough or may have faced limitations in accessing a stable internet connection,
which could have impacted their engagement. Moreover, the game-based activities may not
have aligned with the preferences or learning needs of some male students. Furthermore,
if the game-based activities were conducted during class time, some students may have
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viewed them as compulsory without any perceived benefit or reward, which could have
resulted in a lack of motivation to participate for instrumental students. However, some
female students may have viewed in-class activities as an opportunity to demonstrate their
abilities and engage in healthy competition with male students, potentially influencing
their motivation to participate.

Limitations of Study

This study had several potential limitations. Firstly, all groups were not taught by the
same teacher, which may have introduced inconsistency in the delivery of instruction and
impacted the continuity and coherence of the study. This limitation was encountered in the
subsequent phase where different groups were taught by different teachers. Additionally,
some students considered playing games during class time as an alternative approach to
roll call during spring 2022, despite being explained that it was optional activity and did
not count for anything in terms of attendance and grades. These misconceptions may have
influenced their engagement and opinion in the study. Moreover, the Vortex sorting game
used in the study was chosen for its simplicity, but it may not have been challenging enough
for engineering students, which could have affected their motivation and engagement.
Lastly, the study was conducted in a single course at one university with a similar cultural
background, and the findings may have limited generalizability. Conducting the study with
participants from diverse cultures and backgrounds could enhance the meaningfulness of
the results.

5. Conclusions

We utilized game-based quizzes implemented using the Vortex sorting game to as-
sess the engagement and motivation of undergraduate students enrolled in a sophomore
seminar course. The findings indicate that incorporating digital games into engineering
education can effectively motivate students and sustain their interest in the course material.
Analysis of anonymous feedback surveys revealed positive responses from students toward
the game-based activities. Although not statistically significant, the gamified Vortex activi-
ties were found to have a more positive impact on student engagement and motivation.
However, the use of a leaderboard as a gaming element was observed to have both positive
and negative effects, improving the performance of some students while demotivating
others. The favorable response from students toward game-based activities suggests that
integrating games into undergraduate general engineering lectures can be an enjoyable
and engaging experience. We also observed some differences in perception of game-based
activities between genders, with female students showing slightly higher levels of engage-
ment and motivation compared to their male counterparts, but not preferring to compare
themselves with other students. In summary, the instructional approach and design of
game-based activities need careful consideration and support from academia, with a focus
on creating games that offer appropriate challenge levels, provide clear instructions, rele-
vant content, and meaningful feedback, and align with the preferences and learning needs
of male students in particular. Additional training and resources may be needed to ensure
the effective implementation of game-based activities in engineering education.
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Appendix A

Table A1. Breakdown of responses for spring and summer 2022 surveys.

Q.# Resp.
Spring 2002 Summer 2022

Female Male TCG1 TCG2 TCG3 TCG4 TCG5 TCG6 TCG7

Q1

SA + A 15 (83.3%) 45 (54.2%) 14 (58.34%) 19 (65.52%) 8 (61.54%) 9 (52.94% 11 (61.11%) 50 (79.4%) 31 (70.5%)

D + SD 2 (11.10%) 9 (10.8%) 5 (20.83%) 8 (27.59%) 4 (30.77%) 6 (35.29%) 5 (27.68%) 6 (9.5%) 2 (4.5%)

N 1 (5.6%) 29 (34.9%) 5 (20.83%) 2 (6.89%) 1 (7.69%) 2 (11.77%) 2 (11.11%) 7 (11.1%) 11 (25.0%)

Q2

SA + A 16 (88.9%) 59 (71.1%) 14 (58.33%) 24 (82.76%) 9 (69.23%) 12 (70.59%) 16 (88.89%) 49 (77.8%) 31 (70.5%)

D + SD 1 (5.56%) 6 (7.23%) 5 (20.83%) 5 (17.24%) 3 (23.08%) 5 (29.41%) 1 (5.56%) 2 (3.2%) 0 (0.0%)

N 1 (5.56%) 18 (21.7%) 5 (20.83%) 0 (0.00%) 1 (7.69%) 0 (0.00%) 1 (5.56%) 12 (19.0%) 13 (29.5%)

Q3

SA + A 16 (88.9%) 62 (74.7%) 20 (83.33%) 23 (79.31%) 9 (69.23%) 12 (64.70%) 14 (77.78%) 48 (76.2%) 34 (77.3%)

D + SD 1 (05.6%) 12 (14.0%) 0 (0.00%) 3 (10.34%) 3 (28.08%) 2 (17.65%) 2 (11.11%) 4 (6.3%) 4 (9.09%)

N 1 (05.6%) 9 (10.8%) 4 (16.67%) 3 (10.34%) 1 (7.69%) 3 (17.65%) 2 (11.11%) 11 (17.5%) 6 (13.6%)

Q4

SA + A 9 (50.0%) 9 (47.00%) 15 (62.50%) 10 (34.48%) 4 (30.77%) 10 (58.82%) 9 (50.00%) 33 (52.4%) 20 (45.5%)

D + SD 3 (16.7%) 17 (20.5%) 5 (20.83%) 11 (37.93%) 7 (53.85%) 4 (23.53%) 6 (33.33%) 8 (12.7%) 9 (20.4%)

N 6 (33.3%) 27 (32.5%) 4 (16.67%) 8 (27.59%) 2 (15.38%) 3 (17.65%) 3 (16.67%) 22 (34.9%) 15 (34.1%)

Q5

SA + A 11 (61.1%) 57 (68.7%) 18 (65.00%) 21 (72.41%) 10 (61.54%) 10 (58.82%) 11 (55.55%) 48 (76.2%) 35 (79.5%)

D + SD 1 (05.6%) 7 (8.4%) 4 (16.67%) 6 (20.69%) 3 (23.08%) 4 (23.53%) 6 (33.33%) 3 (4.8%) 3 (6.8%)

N 6 (33.30%) 19 (22.9%) 2 (8.33%) 2 (6.90%) 2 (15.38%) 3 (17.65%) 1 (5.56%) 12 (19.0%) 6 (13.6%)

Q6

SA + A 10 (55.6%) 50 (60.2%) 15 (62.50%) 17 (58.62%) 7 (53.85%) 11 (64.71%) 10 (55.56%) 50 (79.4%) 31 (70.5%)

D + SD 2 (11.1%) 12 (14.50%) 4 (16.67%) 9 (31.03%) 4 (30.77%) 4 (23.53%) 6 (33.33%) 1 (1.59%) 2 (4.55%)

N (33.3%) 21 (25.3%) 5 (20.83%) 3 (10.34%) 2 (15.38%) 2 (11.76%) 2 (11.11%) 12 (19.0%) 11 (25.0%)

Q7

SA + A 39 (47.0%) 0 (0.0%) 13 (54.17%) 11 (37.93%) 5 (38.46%) 10 (58.82%) 13 (72.22%) 39 (61.9%) 26 (59.1%)

D + SD 16 (19.3%) 0 (00.0%) 6 (25.00%) 13 (44.83%) 4 (30.77%) 5 (29.41%) 3 (16.67%) 3 (4.76%) 6 (13.6%)

N 3 (16.70%) 28 (33.7%) 5 (20.83%) 5 (17.24%) 4 (30.77%) 2 (11.76%) 2 (11.11%) 21 (33.3%) 12 (27.3%)

Q8

SA + A 11 (61.1%) 41 (49.4%) 15 (62.50%) 10 (34.48%) 6 (46.15%) 10 (58.82%) 11 (61.11%) 35 (55.6%) 27 (61.4%)

D + SD 15 (18.1%) 0 (0.0%) 5 (20.83%) 11 (37.93%) 5 (38.46%) 6 (35.29%) 3 (16.67%) 6 (9.52%) 7 (15.9%)

N 3 (16.7%) 27 (32.5%) 4 (16.67%) 8 (27.59%) 2 (15.38%) 1 (5.88%) 4 (22.22%) 22 (34.9%) 10 (22.7%)

Q9

SA + A 11 (61.1%) 49 (59.0%) 15 (62.50%) 16 (55.17%) 7 (53.85%) 11 (64.71%) 11 (61.11%) 38 (60.3%) 33 (75.0%)

D + SD 3 (16.7%) 15 (18.1%) 4 (16.67%) 7 (24.14%) 5 (38.46%) 3 (17.65%) 4 (22.22%) 10 (15.9%) 5 (11.4%)

N 4 (22.20%) 19 (22.90%) 5 (20.83%) 6 (20.69%) 1 (15.38%) 3 (17.65%) 3 (16.67%) 15 (23.8%) 6 (13.6%)

Q10

SA + A 11 (61.1%) 51 (61.4%) 14 (58.33%) 18 (62.07%) 7 (53.85%) 12 (70.59%) 11 (61.11%) 36 (57.1%) 26 (59.1%)

D + SD 1 (5.56%) 13 (15.7%) 4 (16.67%) 8 (27.59%) 4 (30.77%) 3 (17.65%) 6 (33.33%) 8 (12.7%) 5 (11.4%)

N 6 (33.3%) 19 (22.9%) 6 (25.00%) 3 (10.34%) 2 (15.38%) 2 (11.76%) 1 (5.56%) 19 (30.2%) 13 (29.5%)

Q11

SA + A 9 (50.0%) 51 (61.4%) 16 (66.67%) 14 (48.28%) 9 (69.23%) 12 (70.59%) 9 (50.00%) 34 (54.0%) 20 (45.5%)

D + SD 5 (27.8%) 15 (18.1%) 4 (16.67%) 7 (24.14%) 3 (23.08%) 3 (17.65%) 4 (22.22%) 13 (20.6%) 11 (25.0%)

N 4 (22.2%) 17 (20.5%) 4 (16.67%) 8 (48.28%) 1 (7.69%) 2 (11.76%) 5 (27.78%) 16 (25.4%) 13 (29.5%)

Q12

SA + A 9 (50.0%) 31 (37.3%) 10 (41.67%) 9 (31.03%) 2 (15.38%) 10 (58.82%) 9 (50.00%) 33 (52.4%) 17 (38.6%)

D + SD 4 (22.2%) 34 (41.0%) 5 (20.83%) 6 (20.69%) 5 (38.46%) 2 (11.76%) 5 (27.78%) 13 (20.6%) 16 (36.4%)

N 5 (27.8%) 18 (21.7%) 9 (37.50%) 14 (48.28%) 6 (46.15%) 5 (29.41%) 4 (22.22%) 17 (27.0%) 11 (25.0%)

Q13

SA + A 14 (77.8%) 62 (74.7%) 17 (70.83%) 22 (75.86%) 9 (69.23%) 14 (82.35%) 14 (77.78%) 52 (82.5%) 37 (84.1%)

D + SD 1 (5.56%) 3 (03.6%) 6 (25.00%) 5 (17.24%) 4 (30.77%) 3 (17.65%) 3 (16.67%) 2 (3.2%) 1 (2.3%)

N 3 (16.7%) 18 (21.7%) 1 (4.17%) 2 (6.90%) 0 (0.00%) 0 (0.00%) 1 (5.56%) 9 (14.3%) 6 (13.6%)

# means the number of the question in the Table.
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Abstract: In this paper, we present a sustainable approach for addressing the language skills gap
among EU citizens, which significantly hinders their mobility across the EU and their participation in
education, in training, as well as in youth programmes. Our approach is based on the sustainable
design of the OpenLang Network platform, which provides an open and collaborative online learning
environment for language learners and teachers across Europe, and addresses the limitations of
existing computer-assisted language learning approaches. The OpenLang Network platform is
bringing together educators and Erasmus+ mobility participants to improve their language skills and
cultural knowledge. To this end, the OpenLang Network platform offers a collection of multilingual
Open Educational Resources and language learning services. The paper presents the results from
the user evaluation of the platform, which has been conducted with members of its community of
language teachers and learners. A mixed methods approach has been adopted in order to collect
and analyse both qualitative and quantitative data from users about the sustainable design of the
OpenLang Network platform, as well as to measure the user satisfaction levels of the platform’s
language learning services. According to the user evaluation results, the platform offers a sustainable
online environment and a positive user experience for language learning. The user evaluation has also
helped us identify a set of best practices and challenges associated with the long-term sustainability
of an online language learning community.

Keywords: computer-assisted language learning; sustainable design; open educational resources;
language learning services; OpenLang Network platform; Europe

1. Introduction

One of the fundamental principles of the European society is the freedom of movement
for people within the European Union (EU) member states [1]. The Erasmus+ programme
was launched in 1987 and since then, it has had over 12 million mobility participants [2].
Erasmus+ provides exclusive chances for students and staff in higher education and in
schools, as well as for trainees, adult learners, young people, youth workers and sport staff,
to study, train, work, or volunteer across the EU. Nevertheless, insufficient language skills
continue to hinder people’s participation in education, training and youth programmes
within the EU. As communication through language plays a vital role in mutual under-
standing and comprehension, promoting and supporting sustainable language learning for
Erasmus+ mobility participants is critical.

In this paper, we present the development of a sustainable online language learning
platform. The motivation behind this work is to address the language skills gap across
the EU, which comprises an essential step towards facilitating mobility and knowledge
exchange between participants from all EU member states. The overall research objective of
this work is to explore the use of sustainable design towards providing language learning
services to different groups of stakeholders. In particular, we investigate the impact of
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the sustainable design principles of openness, customisation, interoperability, mobility,
community support, monitoring, storytelling, interactivity and gamification on the devel-
opment of an online language learning environment and the resulting user experience. Our
methodology is based on understanding the shortcomings of existing computer-assisted
language learning approaches, followed by the sustainable design and development of
an online platform that addresses these shortcomings. Additionally, our methodology in-
cludes the evaluation of the online platform that we have developed, using mixed methods
to measure the satisfaction levels of end users from using the platform’s language learning
services, as well as to collect and analyse their views on the sustainability of the platform.

This work has been conducted in the context of the OpenLang Network, which is a
research project supported by Erasmus+, aiming to address the language skills and cultural
awareness requirements of Erasmus+ mobility participants and the training requirements
of language teachers [3]. Specifically, the project aims to focus on the following groups
of stakeholders:

• Erasmus+ KA1 mobility participants, such as Higher Education students and staff,
vocational education and training participants, adult and school education staff, youth
learners, youth workers and youth entrepreneurs, who require the enhancement of
their language skills and cultural awareness.

• Volunteer language teachers, who assist Erasmus+ KA1 mobility participants by
sharing their professional experience while receiving professional certified training on
how to create, share and use language open educational resources (OERs) [4].

In the context of the OpenLang Network project, we have developed the OpenLang
Network platform, the design of which has been based on a set of sustainable design
principles. The OpenLang Network platform provides language learners and teachers with
a range of services, such as a personal dashboard, a tandem language learning matching
service, an interactive forum, a database of high-quality language OERs, as well as a
responsive design that is accessible on various devices. The platform is a core output
of the OpenLang Network project, aiming to establish a European language learning
community [5]. In this paper, we present the sustainable principles that have driven the
design of the platform, the language learning services that the platform offers to EU citizens,
as well as the results from the user evaluation conducted with a representative user sample
of the platform.

The remainder of this paper is organised as follows. Firstly, we discuss existing
approaches and the latest developments in the research area of computer-assisted language
learning. We then introduce the principles that have driven the sustainable design of the
OpenLang Network platform. Subsequently, we present the language learning services
that the platform offers to its community of language teachers and learners. We then
present the results of the user evaluation of the platform and the feedback obtained from
members of the platform’s community. Finally, we distil the user feedback into a set of best
practices and challenges associated with the continued sustainability of an online language
learning community.

2. Related Work

The research area of computer-assisted language learning (CALL) is defined as “the
search for a study of applications of the computer in language teaching and learning” [6].
This research area has undergone significant changes in the wake of recent technological
developments related to the emergence of e-learning platforms and mobile apps. However,
there are still certain shortcomings in the sustainability and effectiveness of the educational
technologies used in the area of CALL [7]. Relevant systematic literature reviews reveal the
need for technology-enhanced collaborative language learning [8] and gamified language
learning [9], as well as for flexibility, continuity, timely feedback, personalisation, socialisa-
tion, self-evaluation, active participation and peer coaching in language learning [10].

A specific type of massive open online courses (MOOCs) called language MOOCs
(LMOOCs) has emerged as “dedicated web-based online courses for second languages
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with unrestricted access and potentially unlimited participation” [11]. Although LMOOCs
are quite popular with language learners and teachers, they are often designed with a
prescribed learning sequence in mind, without addressing the needs and preferences of
individual learners [12]. Additionally, LMOOCs often lack interactivity between instructors
and learners and between learners, as well as learner-centred formative assessments [12].
Mobile-assisted language learning (MALL) is also quite popular presently, with mobile
apps such as Duolingo preferred by learners for their flexibility and their gamification
elements [13–15]. However, these apps are often focused on English-speaking learners and
do not offer sufficient learning materials in less popular languages [16,17].

In order to address the language skills gap of EU citizens, the EU is offering linguistic
support to selected participants for studying, carrying out a traineeship, or volunteering
abroad in the framework of long-term mobility activities through online linguistic support
(OLS) [18]. OLS participants have the opportunity to assess their language competence and
they may then follow an online language course to improve their language skills. However,
this approach suffers from significant limitations, most notably a lack of openness, a lack of
multilingual language learning resources, as well as a lack of opportunities for collaborative
language learning.

3. Sustainable Design

The design of the OpenLang Network platform has been driven by a set of sustainable
design principles, which address the limitations of existing CALL approaches as discussed
in the previous section. Additionally, the sustainable design of the OpenLang Network
platform has been informed by a series of surveys and interviews, which have been
previously conducted with Erasmus+ KA1 mobility participants in order to capture their
language learning needs [19]. The resulting sustainable design principles of the OpenLang
Network platform are the following:

• Openness: Offer an open-source code and free access to the platform’s language
learning materials and services.

• Customisation: Provide users with the ability to customise their language learning
experience by allowing them to create their own learning paths or integrate third-
party tools.

• Interoperability: Ensure that the platform can easily exchange data with other learn-
ing management systems or educational tools.

• Mobility: Create a mobile-responsive design or offer a dedicated mobile application
for learning on-the-go.

• Community support: Build a community of users who can provide continuous feed-
back, support and opportunities for collaborative language learning.

• Monitoring: Provide language learners with a dashboard that allows them to track
their progress and performance while studying a course and that offers teachers
detailed reports on the progress of their students.

• Storytelling: Enable the creation of interactive and engaging language learning ma-
terials, such as simulations, games, or videos, that can help learners engage with
language learning through storytelling.

• Interactivity: Offer a variety of tools that facilitate interactive and collaborative lan-
guage learning, such as discussion forums, private messaging, live chats and more.

• Gamification: Incorporate gamification techniques, such as badges, in order to in-
crease student motivation and engagement.

A key factor contributing to the sustainable design of the OpenLang Network platform
has been the selection of a suitable learning management system (LMS), which provides
the technological foundation for the creation, management and delivery of online learning
materials [20]. The LMS comprises an integral part of the online learning experience, by
enabling educators to design and deliver a wide range of pedagogical activities and by
allowing learners to perform these activities either collaboratively or individually and to
monitor the progress of their learning. There is currently a plethora of LMSs available to
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use for online learning, including both free and paid options. We have selected Moodle, an
open-source LMS that has gained a remarkable level of adoption by the global education
community, with more than 160,000 Moodle sites offering over 40,000,000 courses to more
than 350,000,000 users worldwide, making Moodle the world’s most widely used LMS [21].

Moodle fulfils all the above principles for the sustainable design of the OpenLang
Network platform. As an open-source software, Moodle is completely free and can be
easily modified with custom plugins to extend its codebase. It also supports interoper-
ability with other educational platforms and systems. With its mobile application and
responsive interface, Moodle offers a flexible and accessible learning experience for stu-
dents. Moodle has a large and active community of developers, who continuously provide
support and publish new releases. Through its tools for course authoring and third-party
plugins, Moodle supports storytelling, interactivity and gamification, while also offering
communication tools such as forums, messaging and live chats. Teachers can use Moodle
to monitor students’ progress and obtain detailed reports.

4. Language Learning Services

Based on the sustainable design principles described in the previous section, the
following language learning services have been developed and are offered by the OpenLang
Network platform to its community of language learners and teachers.

4.1. Language Placement Tests

As discussed in Section 2, a limitation of existing CALL approaches is the lack of
multilingual language learning resources, as well as the lack of self-evaluation opportunities
available to language learners. In order to address both of these limitations, the OpenLang
Network platform provides 24 language placement tests for all European languages to help
users self-assess their proficiency level in a specific language. Each test is accessible through
a link and a PDF file, allowing users to take the test online or offline by downloading the
PDF file.

The language placement tests that are available via the platform follow the language
proficiency levels defined by the Common European Framework of Reference for Lan-
guages (CEFR) [22]. According to CEFR, language proficiency is recognised in six levels,
A1 to C2, which can be further regrouped into three broader categories: Basic User, Inde-
pendent User and Proficient User. The language placement tests service of the OpenLang
Network platform allows users to self-assess their CEFR level and record it in the platform,
so that they can find potential tandem language learning partners, as described in the
next section.

4.2. Tandem Language Learning

In order to address the need for peer coaching in language learning, as discussed
in Section 2, the OpenLang Network platform provides a matching service that enables
platform members to connect with one another and engage in collaborative language learn-
ing. This service enables users to locate other members with whom they can communicate
both synchronously and asynchronously for the purpose of learning a language together.
Furthermore, platform members can find other members with specific language proficiency
levels and review their profiles to establish connections and begin studying a language
collaboratively.

Figure 1 shows the search interface of the OpenLang Network platform for find-
ing tandem language learning partners, by selecting their preferred language, language
proficiency level and time zone.
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Figure 1. Finding language learning partners on the OpenLang Network platform.

4.3. Recommended Language OERs

The OpenLang Network platform addresses the need for multilingual language learn-
ing resources, as discussed in Section 2, by providing a language learning service that
recommends high-quality language OERs from reputable educational institutions for learn-
ing European languages. The recommended language OERs available via the platform
cover a wide range of languages, language proficiency levels, learning activities, as well as
language learning skills. The platform users can find these language OERs via a faceted
search interface, which allows them to customise their searches by using a range of filters,
such as language, target language, level, resource type and more. The search interface for
finding recommended language OERs on the OpenLang Network platform, and the set of
search filters that enable search customisation, are shown in Figure 2.

Figure 2. Search filters for finding recommended language OERs on the OpenLang Network platform.

4.4. Shared Language OERs

This language learning service of the OpenLang Network platform enables its users to
share language OERs within the community of language learners and teachers. Users can
also search for shared language OERs, and they can customise their searches by applying
the same set of search filters as the ones available in the recommended language OERs
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service (see Figure 2 above). A gamification element has been introduced to encourage and
motivate the sharing of language OERs on the platform, via the awarding of badges to the
uploaders of language OERs. More specifically, users that share language OERs reach the
following statuses on the platform and are awarded the corresponding badges:

• Junior Uploader: The user has uploaded their first language OER.
• Senior Uploader: The user has uploaded 5 language OERs.
• Super Uploader: The user has uploaded 10 language OERs.

4.5. Community Discussions

This language learning service offers a forum dedicated for collaborative language
learning and discussions between all users of the platform. Through this forum, users can
ask questions, search for answers, exchange experiences, seek advice, etc. Users of the
platform can also subscribe to the whole forum or certain discussion threads that interest
them, so that they receive notifications when a new message is posted in the forum.

4.6. OpenLang MOOC

The OpenLang Network project has developed the massive open online course
(MOOC) entitled: “Exploring how to (re)use Language Open Educational Resources (OERs)”.
The primary audience of the MOOC is language teachers and learners that want to explore
the lifecycle of language OERs. The MOOC consists of 4 weeks, with each week comprising
a set of modules and a quiz. After studying the learning materials of each week and passing
the quiz, learners are awarded a badge. Upon completion of the whole MOOC, learners
are awarded a digital certificate of participation.

Additionally, the MOOC features an Announcements forum and a Discussion forum,
where announcements about the MOOC are made and discussions about the MOOC
take place between learners. It should be noted that several learning activities within
the modules of the MOOC invite the learners to post in the Discussion forum in order to
share their views and reflections with other learners. Figure 3 shows a snapshot from the
introductory materials of the MOOC, featuring a promotional video, a short description of
the MOOC, as well as links to the forums of the MOOC.

Figure 3. Snapshot from the introductory materials of the OpenLang MOOC.
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4.7. Personal Dashboard

The OpenLang Network platform addresses the need for personalisation in language
learning, as discussed in Section 2, by offering a personal dashboard to its registered
members. This dashboard displays the personal data of members that have been recorded
on the platform, such as the courses they have enrolled in, the messages they have sent
and received, their network of contacts, the badges they have earned and a list of other
users who are currently online. The personal dashboard serves as a convenient jumping
point into the personal learning journey of users on the platform, allowing them to quickly
resume their learning activities on the platform from where they left off previously.

Figure 4 shows a snapshot from the personal dashboard of a user of the platform
featuring, among other elements, the badges earned by the user upon completing the
4 weeks of the OpenLang MOOC, as well as the badges earned for sharing more than
10 language OERs on the platform.

Figure 4. Snapshot from the personal dashboard available on the OpenLang Network platform.

5. User Evaluation

5.1. Methodology

The purpose of this user evaluation is to investigate the views of end users about the
sustainable design of the OpenLang Network platform and measure the satisfaction levels
of end users from using the language learning services of the platform. Additionally, this
user evaluation intends to collect the views of end users about the continuous sustainability
of the platform beyond the lifetime of the OpenLang Network project.

The user evaluation of the OpenLang Network platform has been conducted via an
online survey administered via email to members of its community of language learn-
ers and teachers. The survey was administered in the English language, as this is the
most widely spoken language in this community. The sampling method employed was
judgment/purposive sampling, according to which participants are selected for a specific
quality relevant to the study in question [23].

The survey sample of platform members was selected based on their level of engage-
ment with the platform. More specifically, community members were selected based on
the number of language learning services that they have used on the platform, as well as
the amount of time that they have spent using these services. We have therefore included
in this user evaluation community members that could provide informed feedback based
on their high level of knowledge of the platform’s language learning services.

Based on the judgment/purposive sampling method, 112 members of the platform
were selected and invited via email to respond to the online survey. A total of 61 community
members (Females = 38, Males = 22, N/A = 1) responded to the online survey (54% response
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rate). Their average age was 36–45 years. Most of them (36) had a medium level of digital
skills, 19 stated a high level and 6 perceived their level of digital skills to be low.

Additional feedback was collected from members of the OpenLang community of
language learners and teachers via an online consultation workshop. During this workshop,
the outcomes of the OpenLang Network project were presented, and discussions were held
about the sustainability of the OpenLang Network platform beyond the end of the project.
The workshop was attended by 56 participants (Females = 29, Males = 27) with an average
age of 36–45 years. Most of the participants (33) were language teachers and the rest were
language learners (9) and academics/researchers (14).

The sample of this user evaluation has been deemed sufficient for the analysis of
the collected data, based on several factors. Firstly, the research objectives and scope of
the study were considered, focusing on specific themes or patterns within the collected
responses. Secondly, the concept of saturation was taken into account, ensuring that new
information or insights were no longer emerging from additional participants. Moreover,
the research context, including the diversity of the population, was considered to determine
the adequacy of the sample size. Finally, practical constraints, such as time and resources,
were considered when determining the sample size.

We adopted a mixed methods approach by collecting and analysing both qualitative
and quantitative data from the users of the platform. In this way, we acquired more
thorough user feedback than from a standalone qualitative or quantitative evaluation. More
specifically, qualitative data were collected via open-ended questions in the administered
survey, as well as by recording the discussion sessions with participants during the online
consultation workshop. Quantitative data were collected via Likert scale questions in the
administered survey. Subsequently, content analysis was performed for the analysis of
the qualitative data collected via the survey and the workshop. For the analysis of the
quantitative data collected via the survey, descriptive statistics methods were used. The
results from this analysis are presented and discussed in the following sections.

5.2. Results

Table 1 shows the results of the Likert scale questions of the administered survey
regarding user experience with the OpenLang Network platform. As depicted in Table 1,
all survey items were rated above 4.00 out of 5.00, indicating a positive experience with the
platform and its language learning services.

Table 1. Descriptive statistics of the survey results regarding user experience with the OpenLang
Network platform.

Question Min Max Mean Std. Deviation

The platform is easy to use. 3 5 4.42 0.752
The speed of the platform is sufficient not causing any
access delays. 3 5 4.21 0.631

The platform can be accessed using any device (desktop,
laptop, smartphone, etc.) and any operating system
(Windows, MacOS, iOS, Android, Linux, etc.).

3 5 4.28 0.705

The platform functions well all the time. 3 5 4.11 0.790
The technical support of the platform solved any
technical problems that I encountered. 3 5 4.37 0.694

A set of open-ended questions in the administered survey captured the views of
respondents about the positive and negative aspects of the platform, suggestions for
potential improvements of the platform’s language learning services, as well as how the
teaching and learning practices of respondents have been affected as a result of using the
platform’s language learning services. Some indicative responses were the following:

“I especially came to understand the existence and potential of reaching, using and
sharing OERs in my own teaching setting.”
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“I am planning to develop a Reading course based solely on the use, revision and adap-
tation of OERs by applying the knowledge and skills I gained from the [OpenLang]
MOOC.”

“[The platform is] easy to navigate. The material is clearly presented and easy to follow.”

“[The platform offers] self-paced learning and networking opportunities.”

“[The platform offers] useful suggestions to OER directories, platforms, repositories.”

“Just one thing I can suggest is that there should have been a clear and tangible demon-
stration of a working example of an adapted and real OER in the form of a running
course.”

“I would like a hands-on workshop to consolidate knowledge acquired.”

5.3. Discussion

The results of the user evaluation indicate that users had a positive experience with
the platform and its language learning services. More specifically, they found the platform
to be easy to navigate and to use, to be sufficiently responsive, to be easily accessed from
various devices, as well as to provide sufficient technical support. The platform had a
positive impact on the teaching and learning practices of teachers and learners, specifically
regarding the use, adaptation and sharing of language OERs.

During the discussion sessions of the online consultation workshop, participants
indicated that continued technical and end-user support is critical for the sustainability
of the OpenLang Network platform. Another sustainability factor that emerged from the
workshop discussions was the need for community events (online, face-to-face, or hybrid)
that will bring together members of the community to discuss and share their views on
common language learning and teaching issues, as well as to share their best practices on
language learning and teaching.

All these factors will be taken into consideration by the consortium of the OpenLang
Network project, in order to ensure the sustainability of the OpenLang Network platform
and the growth of its community of language learners and teachers beyond the lifetime of
the project. Additionally, the analysis of the qualitative feedback collected via the survey
and via the workshop led to the identification of a set of best practices and challenges,
which are presented in the following section.

6. Best Practices and Associated Challenges

Building and sustaining an online community of language learners and teachers
requires the careful consideration of strategies that can help ensure the long-term viability of
such an initiative. Based on the analysis of the user feedback received from the community
of the OpenLang Network platform, we identified the following set of best practices and
challenges associated with ensuring the sustainability of such a community:

1. Fostering community engagement: Encouraging users to participate actively in the
community by promoting a friendly and inclusive online environment, encouraging
open communication and collaboration and providing opportunities for users to
interact with each other can foster engagement and interaction among members, thus
creating a sense of community.

2. Providing high-quality resources: Providing high-quality resources, such as lan-
guage learning OERs and other interactive language learning services, can attract
members and create value for them. However, it can be challenging to provide rele-
vant and up-to-date resources that meet the diverse needs of community members.

3. Promoting user-generated content: Encouraging users to create and share their own
language learning resources, such as OERs, can help to build a more diverse and
comprehensive set of resources, as well as increase user engagement. However,
ensuring the quality and accuracy of user-generated content can be challenging,
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especially when dealing with a large number of contributors. This challenge can be
partially overcome by allowing users to rate user-generated content.

4. Ensuring effective communication: Ensuring effective communication among mem-
bers of the community can facilitate collaboration, knowledge sharing, as well as the
exchange of language learning strategies. However, it can be challenging to ensure
effective communication due to language barriers, different time zones, as well as
technical issues.

5. Providing continuous support and feedback: Providing users with access to support
resources, such as FAQs and help forums, as well as regularly soliciting feedback
from users to identify areas for improvement and address user concerns is an im-
portant sustainability factor. Nevertheless, it can be challenging to provide effective
support and feedback when dealing with a large and diverse user base. Additionally,
addressing user concerns can be time-consuming and resource intensive.

6. Maintaining up-to-date technology: Keeping the community platform and the asso-
ciated technology up-to-date to ensure compatibility, security and accessibility can
help to ensure the sustainability of the community in the long term. Nevertheless,
maintaining up-to-date technology can be quite challenging, especially when dealing
with limited resources or technological barriers.

The above best practices can potentially offer opportunities to language learners
and teachers by creating an inclusive and collaborative online environment for learning,
teaching and sharing language learning resources. Members can benefit from high-quality
language learning resources and services, gain access to a network of peers and experts
and improve their language skills and cultural knowledge. However, each of the above
best practices presents unique challenges that must be addressed in order to ensure the
long-term sustainability of an online language learning community.

7. Conclusions

The goal of the OpenLang Network platform is to address the EU language skills
gap by offering a sustainable online environment to language teachers, language learners
and Erasmus+ mobility participants who desire to enhance their language abilities and
cultural knowledge. The contribution of this work is primarily in the field of computer-
assisted language learning and, specifically, in addressing the limitations of existing CALL
approaches, including the lack of openness, the lack of multilingual language learning
resources, the lack of self-evaluation opportunities available to language learners, the
lack of peer coaching, as well as the lack of opportunities for collaborative language
learning. In order to address these limitations, we have employed a set of sustainable design
principles and we have developed a wide range of language learning services. The design
of the OpenLang Network platform has been based on the sustainable design principles
of openness, customisation, interoperability, mobility, community support, monitoring,
storytelling, interactivity and gamification. The OpenLang Network platform is an inclusive
and collaborative online environment that offers a wide range of language learning services,
notably language placement tests, tandem language learning, as well as a vast array of
language OERs. We have adopted a mixed methods approach in order to collect and
analyse user feedback about the platform. The feedback collected from this user evaluation
has been distilled into a set of best practices towards ensuring the sustainability of an online
language learning community.

A limitation of the present study has been the limited number of participants in the
user evaluation of the platform. This limitation is attributed to the relatively small num-
ber of participants that have been actively using the platform during its early stages of
development. The authors plan to address this limitation in subsequent user evaluation
studies that will enable larger numbers of platform members to participate, as the com-
munity of language learners and teachers that are actively using the platform is growing
over time. Another direction for future work is further investigating and monitoring the
continued sustainability of the platform by organising additional consultation workshops
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with more members of the platform’s community. Additionally, the authors will continue
improving the platform’s language learning services as a means to further sustain the
platform. Such improvement plans include enhancing the accessibility of the platform by
ensuring compliance with accessibility standards and providing tools to assist learners
with disabilities.
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Abstract: The growing popularity of immersive virtual reality (iVR) technologies has opened up new
possibilities for learning English. In the literature, it is possible to find several studies focused on
the design, development, and evaluation of immersive virtual reality applications. However, there
are no studies that systematize design recommendations for immersive virtual reality applications
for English learning. To fill this gap, we present a systematic review that aims to identify design
recommendations for immersive virtual reality English learning applications. We searched the ACM
Digital Library, ERIC, IEEE Xplore, Scopus, and Web of Science (1 January 2010 to April 2023) and
found that 24 out of 847 articles met the inclusion criteria. We identified 18 categories of design
considerations related to design and learning and a design process used to create iVR applications.
We also identified existing trends related to universities, publications, devices, human senses, and
development platforms. Finally, we addressed study limitations and future directions for designing
iVR applications for English learning.
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1. Introduction

Technological development has given rise to various interface typologies that facilitate
the use of immersive technologies, including augmented and virtual reality, tangible
elements, wearable computing, etc. [1]. This expansion of interaction modes has enabled
the design of digital interfaces to enhance user experiences, whether through immersive
technologies or human senses. In this context, Virtual Reality (VR) has gained popularity
and found application in diverse fields.

Traditionally, VR is defined as an interactive virtual environment composed of digital
objects. In general, VR entails a three-dimensional computer-generated environment that
users can interact with using a VR headset. Two key concepts in understanding immersive
VR applications are immersion and presence. Slater [2] defines immersion as the objective
level of sensory fidelity a VR system offers, while presence refers to a user’s subjective
psychological response to a VR system. Immersion is measurable and objective, whereas
presence is an individual and context-dependent user response connected to the feeling of
“being there” [2].

Immersive Virtual Reality (iVR) provides the highest level of immersion, where users
engage fully with computer-generated simulations, exploring sensory experiences in a
virtual world. iVR applications induce a sense of presence or “being there” in the user’s
perception [3]. In this way, iVR environments allow human and virtual agents to co-exist,
which creates a mixed reality environment of the physical and virtual worlds [4].

In recent years, consumer Virtual Reality (VR) devices have become more affordable,
introducing a consistent number of users to this technology [5]. Accordingly, VR has
been applied to training and learning in many fields, as well as industrial processes [6,7],
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cultural heritage [8,9], military training [7], surgery [10], and geography [11], physics [12]
and language learning [13–24].

In educational settings, VR and head-mounted displays (HMDs) can provide learners
with exposure to demanding or instructional scenarios, enabling them to repeatedly hone
new skills in an environment conducive to making corrections and experiencing non-
harmful mistakes [10]. Within the context of language education, educators confront a
formidable challenge: seamlessly integrating a range of technologies into their teaching
methods, all the while catering to the diverse learning needs of their students. In this way,
virtual reality can provide an innovative avenue for engaging learners in the educational
process [25].

Virtual Reality (VR) has captured considerable interest within the realm of English
language education, since it provides an immersive and interactive environment that en-
hances and enriches the language learning experience [15,17,21,23,24,26–28]. According
to Pinto et al. [29], VR enhances language learning by boosting motivation and engage-
ment, increasing student interest, and introducing gamified elements into the learning
process. Additionally, VR technologies can support second language acquisition, and their
integration with traditional learning methods is crucial for advancing knowledge and
facilitating adaptation to various interaction methods and contexts, particularly in foreign
language learning.

Huang et al. [30] reported that Augmented Reality (AR) and VR technologies enhance
language learning by promoting immersive experiences, motivation, interaction, and
reducing learning anxiety. However, the authors highlighted challenges such as student
distraction caused by virtual content, which might divert their attention from the learning
material. Moreover, the effectiveness of AR and VR in promoting language learning may
hinge on factors like technology quality, activity design, and individual learner differences.

Peixoto et al. [31] concluded that the relationship between iVR and foreign language
learning is largely positive, especially compared with conventional pedagogical methods.
They noted that iVR was more enjoyable and significantly more effective than traditional
teaching methods for language learning. Notably, participants who used VR exhibited
significantly better vocabulary retention than those using traditional methods. Additionally,
the kinesthetic aspect of VR played a substantial role in vocabulary retention.

In a systematic review encompassing 32 peer-reviewed studies published between
2015 and 2020, Dhimolea, Kaplan-Rakowski, & Lin [32] found that multiple exposures to
VR are effective for learning. In addition, VR was advantageous for contextual vocabulary
learning, and perceptions of VR-based language learning were positive.

Parmaxi [33] discovered that VR has the potential to offer dynamic learning expe-
riences and enhance language learning performance, motivation, critical thinking, and
higher-order cognitive skills. The use of VR in language education also led to increased
student learning and the development of twenty-first century skills, such as communication
and problem-solving. Furthermore, VR provides access to environments and situations that
are challenging to replicate in traditional classrooms, facilitating the adoption of various
instructional strategies.

Bahari [34] observed a research trend favoring the application of VR tools and affor-
dances for improving listening and speaking skills in language learning compared with
reading and writing skills. The VR environment provides affordances that foster language
skill development through strategies like contextualized learning, immersive experiences,
increased engagement, interactive learning, collaboration, and scaffolding. While listening
and speaking skills have received more attention in VR-based research, reading and writing
skills are less compatible with virtual environments.

The aforementioned articles collectively highlight the potential of VR for English
language learning, addressing topics such as gamification [29], benefits of AR and VR
for learning outcomes [32], features and educational methods [33], as well as affordances
and challenges [34]. VR-assisted language learning has expanded in recent years, and
proven to be beneficial in both the cognitive and affective aspects [30,33,35,36]. There
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were not found, however, studies that address guidelines or considerations to design iVR
applications for English learning. To address this gap, we present a systematic review with
the following objectives:

• Identify design recommendations for immersive Virtual Reality (iVR) applications
focused on English language learning.

• Examine the process of developing iVR applications for English language learning.
• Analyze the utilization of human senses in iVR applications for English language learning.
• Provide directions for future research.

To achieve these objectives, this systematic review will address the following re-
search questions:

RQ1: “Which human senses are most frequently employed in iVR applications for
English language learning?”

RQ2: “Which iVR platforms are most commonly used for developing English language
learning applications?”

RQ3: “What characterizes the design processes employed to create iVR applications
tailored for English language learning?”

RQ4: “What design recommendations guide the design and development of iVR
applications for English language learning?”

2. Method

A systematic evaluation of existing literature was conducted using a well-defined and
methodical search approach, including criteria for inclusion and exclusion. In this process,
the researchers have adhered to the guidance provided by the PRISMA Statement [37].

2.1. Eligibility Criteria

The inclusion and exclusion criteria were established to ensure that the selected
studies were relevant and met the objectives of the review (Table 1). These criteria were
applied independently by two reviewers to ensure objectivity and to minimize bias in the
selection of studies. It was decided to limit the search to articles published from the year
2010 onwards, as this was the year in which relevant VR headsets were released.

Table 1. Inclusion and exclusion criteria.

Inclusion Criteria Exclusion Criteria

Publication period: Published between
January 2010 to May 2023.

Published before January 2010 or
after May 2023.

Type of document:
Scientific article published in
peer-reviewed journal
or conference.

Not an article published in a
peer-reviewed journal
or conference.

Availability: Accessible with Coimbra
University’s credentials Behind a paywall

Type of study: Applied research. Other research (review, surveys,
systematic literature review. . .).

Language: English. Not English.

Theme: English learning. Not English learning.

Research topic: Immersive virtual reality. Not immersive.

Number of pages: Paper with 5 pages or more. Paper with 4 pages or less.

2.2. Search Strategy

The ACM Digital Library, ERIC, IEEE Xplore, Scopus, and Web of Science were the
databases chosen for this study. These databases are acknowledged as substantial and
dependable sources of high-quality publications within the fields of Computer Science and
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Engineering. In their initial search, the researchers employed a basic string to encapsulate
the primary components of this systematic literature review (SLR): “Virtual reality” AND
“English learning”. In order to ensure a more all-encompassing exploration, synonyms and
adjacent terms were incorporated. As a result, the ensuing search query was formulated as
shown in Table 2.

Table 2. Search string.

Topic Search Terms

Immersive virtual reality
(“virtual reality” OR “immersive virtual
reality” OR “immersive VR” OR “virtual
environment” OR “immersive environment”)

English learning

(“English teaching” OR “English learning” OR
“English teaching” OR “English as a second
language” OR “English as a foreign language”
OR “English as an additional language” OR
“English training”)

The search string was used to search these six global educational databases, specifically
in the title, abstract, and/or keywords sections. The search was carried out in May 2023,
resulting in the initial detection of 847 records.

As mentioned in the eligibility criteria subsection, the year 2010 was established as
a limit due to the release of important VR headsets. These headsets played a crucial role
in laying the groundwork for the subsequent surge in interest and development in VR
technology. The gathered papers were brought into Mendeley using the BibTeX format,
with the intention of removing duplicate papers, making necessary adjustments, and
subsequently exporting them to a spreadsheet.

2.3. Study Selection

For each paper that was gathered, the title, abstract, and keywords were cross-
referenced against the eligibility criteria. This stage involved both researchers indepen-
dently and systematically reviewing the abstracts of the collected papers in an unbiased
manner. When agreement was not reached, the articles were preserved for a more meticu-
lous examination during the full-text analysis phase.

2.4. Data Collection Process

A data extraction form was generated to streamline the data collection process. This
form was devised in accordance with the objectives of the systematic review, guaranteeing
the comprehensive retrieval of pertinent information. Initially, the collected variables
encompassed article data, including particulars such as publication type, year, keywords,
abstract, journal name, and the country of the affiliated university. Also, it was registered
with what type of VR headset the study was conducted, article main findings, and human
senses used for the VR application. Regarding the design recommendations and process of
developing iVR applications, it was registered in the sheets based on a text analysis.

The data were organized in spreadsheets for initial data processing. Subsequently, this
document was imported into ATLAS.ti (Version 23.3.0) for content analysis.

Content analysis refers to a set of techniques for analyzing communications in order
to obtain, through systematic and objective procedures for describing message content,
indicators that allow for the inference of knowledge related to the conditions of these
messages [38].

The process of content analysis is divided into four phases: (I) pre-analysis; (II) cod-
ification; (III) categorization, and (IV) analysis. The goal is to present the content and
meaning of patterns in the data, which will give rise to codes. These codes, in turn, are
identified by the researchers before, during, and after the analysis.
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2.5. Quality Assessment

The full texts included for analysis were assessed for a quality assessment, based on
three criteria:

• Criteria 1: Reports design or use of an application for teaching English; AND
• Criteria 2: Provides design considerations or guidelines; OR
• Criteria 3: Explain how VR applications are developed.

If the article matches the criteria 1 and one of the criteria 2 or 3, it was included in
the review. Two researchers conducted a quality assessment of the full texts selected for
analysis, using three criteria. The evaluation was performed to ensure that the chosen
articles aligned with the review’s objectives. Specifically, criterion 1 was obligatory, while
criteria 2 and 3 were considered as optional. To clarify, for an article to be included in the
review, it needed to meet criterion 1 and at least one of the other criteria. For instance, if an
article satisfied criterion 1 and either criterion 2 or 3, it was deemed eligible for inclusion in
the review.

3. Results

A total of 847 records were identified in the first phase of the study. Figure 1 offers a vi-
sual representation of the article identification, screening, and inclusion process, providing
specific information about the criteria used.

Figure 1. PRISMA flow diagram of the systematic literature review carried on. The diagram is
divided three phase: identification, screening, and included.

After removing duplicate articles (n = 266), 581 papers were analyzed in the screening
phase. In the second phase, 338 records were rejected based on titles, keywords, and
abstract analysis. It is worth noting that a significant number of articles (n = 338) identified
during the screening phase were excluded because they did not meet the inclusion criteria.
Many of these studies focused on the use of virtual environments, such as online virtual
worlds and three-dimensional virtual environments, rather than immersive virtual reality
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environments. Therefore, the exclusion of these studies does not affect the outcome of the
conducted systematic review.

For a full-text assessment of eligibility, 243 papers were analyzed. Later, 134 reports
were excluded based on eligibility criteria, and 85 were excluded because they did not
report the use of an application. Lastly, 24 were included in the review.

3.1. Overview Analysis

The findings of the SLR revealed an observation: although we initially used the year
2010 as a research filter, the studies encompassed in the review were actually published
from 2018 onwards, as indicated in Figure 2. Notably, the bulk of these studies emerged
in 2021 (n = 9), followed by 2020 (n = 6). Since this SLR was conducted in May 2023, the
researchers anticipate that more studies will likely be published by the end of the year.

Figure 2. Graph of articles’ publication years.

In terms of articles categorized by the affiliating university’s country of the authors,
Figure 3 shows China as the predominant contributor with the highest number of articles
(n = 10). This was trailed by Taiwan (n = 6).

Figure 3. Graph of articles by country.

In order to represent the most used keywords, a word cloud was designed. Figure 4
reveals that the common keywords related with iVR and English learning are education,
language, virtual, learning, reality, English, and environments.
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Figure 4. Word cloud of most used keywords.

In relation to typical journals or conference proceedings, it was not possible to identify
a pattern. However, an observation was made: half of the articles were published in
conference proceedings, while the other half were published in journals (Figure 5).

Figure 5. Graph of academic publishing type.

Figure 6 shows that the HTC Vive is the most common VR headset used in the analyzed
articles; however, 8 papers did not report which VR headset was used in their studies. It is
also important to highlight that many studies used low-cost VR headsets, such as Google
Cardboard (n = 3), Samsung Gear VR (n = 2), and VR Box (n = 1).

Figure 6. Graph of virtual reality headsets most used.
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Visual and auditory stimulation are the most explored senses in the analyzed iVR
applications (Figure 7). Touch was also mentioned (n = 3), and proprioception (n = 1) was
noted as well. Unity was the most used platform to develop iVR applications (Figure 8).

Figure 7. Graph of human senses explored in the iVR applications.

Figure 8. Graph of iVR development platforms most used.

To examine the approach employed in creating iVR applications, the researchers
analyzed whether the article detailed the design of a novel application for English learning
or reported the utilization of pre-existing ones. Figure 9 shows that most studies used a
novel iVR app developed by themselves (n = 9). It is also important to notice that some
studies used a pre-existing iVR app (n = 8) and pre-existing 360-degree video (n = 3).
Additionally, some studies created a novel iVR app using EduVenture VR, a web-based
authoring tool (n = 2).

Figure 9. Graph of iVR applications types used.
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3.2. Content Analysis
3.2.1. Design Process to Develop iVR Applications

Although most of the articles (Figure 9) propose novel iVR applications (n = 9), it was
not possible to identify a clear and descriptive design process to develop iVR applications.
Nevertheless, by analyzing articles that delve into iVR application development, we were
able to distill common design process patterns. From this analysis, ten articles emerged
that provide insights into the design of iVR applications. Based on similar terms and
expressions, we identified patterns and group them into categories. Figure 10 shows a
Sankey diagram illustrating the relationship between authors and categories identified in
the content analysis. The Sankey diagram was generated by ATLAS.ti (Version 23.3.0).

Figure 10. Sankey diagram depicting categories of the design process identified based on
authors [15–19,21,23,24,26,27,39,40]. The left column presents references to articles extracted from
the SLR, while the right column displays the identified categories. The connecting lines within the
diagram illustrate the relationships between authors and categories. The width of these lines directly
quantifies the volume of encoded text, with wider lines denoting greater content and narrower lines
indicating smaller amounts of content.

The Sankey Diagram serves as a technique for visualizing the interrelation of data
elements, showcasing data flows and connections across diverse fields. The line widths
within Figure 10’s diagram directly reflect the extent of content marked during the coding
process. Consequently, categories featuring broader lines signify a greater volume of text,
whereas narrower lines denote smaller amounts of coded content. In this way, all the
connections to the left are directly related to right side.
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Huang et al. [24] developed a VR English learning game based on the Assessment,
Pedagogy, and Technology (APT) model. The design process emphasizes alignment with
pedagogical goals, student engagement, real-time feedback, and collaboration between
technology and education experts. The iterative nature of testing and refinement ensures
that the final product effectively supports language learning while leveraging the potential
of VR technology.

Chien, Hwang, and Jong [16] presented a VR application based on spherical video.
To develop the application, the design process involved selecting the development envi-
ronment, structuring the spherical video-based virtual reality (SVVR) system, creating
authentic learning contexts, scripting interactions, integrating tags for guidance, and incor-
porating learning tasks. The design aimed to provide students with immersive experiences,
allowing them to engage in authentic conversations and practice their English-speaking
skills within a virtual environment.

Na et al. [26] developed a VR application that aims to leverage the immersive capabili-
ties of VR technology. Regarding the design process, it encompasses various elements such
as VR environment setup, practice scenarios, result assessment, and integration of speech
recognition technology.

In Bacca-Acosta’s [21] work, the design process involved collaborating with educators,
adapting theoretical frameworks, designing scaffolds, implementing an experimental setup,
and employing eye-tracking technology to evaluate the effectiveness of the designed scaf-
folds within the IVR learning environments. The specific topic chosen for the applications
aimed to address a challenging area in English language learning and capitalize on the
interactive nature of IVR technology.

Chandra et al. [15] utilized the Scrum methodology, involving stages such as require-
ment gathering, backlog creation, and sprint development. Four sprints were executed
sequentially: the first encompassed storyboarding and asset preparation; the second fo-
cused on GUI design and data collection; the third involved game level development and
testing; and the fourth centered on programming and testing using the C# language. Stake-
holder evaluation and acceptance occurred after each sprint, with continuous improvement
and risk management.

For Lin et al. [18], the design process involved selecting a pedagogical framework,
defining learning goals, composing content and activities, creating interactive elements,
and utilizing the EduVenture VR platform to develop an immersive and engaging language
learning experience focused on English for Tourism Purposes.

Pinto et al. [29] developed an application featuring seven scenarios, using the Unity
game engine. The initial tutorial introduced game mechanics, while subsequent scenarios
presented context-based evaluation exercises in tourism-related contexts. Players’ pro-
gression depended on correct answers, facilitated by interaction with a virtual TV that
provided feedback through videos and indicators. In Chen’s [23] study, the design process
entails meticulous deliberation of gameplay mechanics, educational objectives, technical
implementation, and user experience, resulting in the development of a mobile VR English
learning game enriched with captivating and interactive features.

Xue [27] designed a realistic simulation, offering flexibility and immediate feedback.
It offers a multi-modal learning experience with sound, 3D images, animations, and videos.
Cartoon-style scenes and situational dialogues create an engaging atmosphere. Students
can personalize their learning, fostering creativity and innovative thinking. The application
includes functional modules for exercise guidance, International English Language Testing
System (IELTS) training, stage tests, and online interaction. A training evaluation system
records progress and provides feedback. Peixoto et al.’s [40] process involved script creation,
audio recording, VE creation, avatar placement, user interaction design, and hardware
setup, resulting in an iVR experiment for English learning assessment.

As mentioned in the studies outlined, the creation of iVR applications for English
learning involves distinct steps, as can be observed in Table 3. After defining the objective,
it is necessary to establish teaching goals and content design, which need to be in alignment.
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Defining the technology and hardware is important to specify the application’s particular-
ities and limitations, which in turn will impact the creation of scenarios and interaction
design. During this phase, the type of scenario to be created and the interaction metaphors
of the platform will be determined. Assessment and feedback emphasizes the need to
implement feedback mechanisms and integrated exercises to motivate student learning.
Finally, in continuous improvement, it is emphasized that applications need to undergo
constant development.

Table 3. iVR design process based on RSL.

Steps Authors Description

Define the objective: [15,17,21,23,24,26–28]
Identify the application’s purpose, target audience,
collect data, understand business processes, roles,
and user requirements for the application.

Teaching goals and content design: [15,16,18,24,27,29,40] Define teaching objectives such as learning topic,
activities, and storyline.

Technology [15,16,24,26,27,29,31]
Describe the technology to be used in the
application and specify the device
for development.

Scenario creation and interaction design: [15,16,18,23,24,26,27,40]

Illustrative scenarios should incorporate
contextual objects that enhance user interaction.
Avatars and dialogue scripts can be employed to
foster an immersive experience.

Assessment and feedback: [15,16,18,21,23,24,26,27,29,31]
Implement feedback mechanisms, integrate
assessments, and display motivating feedback
for learners.

Continuous improvement: [15,16,21,24,27,39]

Create iVR environment that promotes continuous
improvement, ensuring it remains engaging
and effective for learners. Continuously update
and revise based on users’ feedback
and changing technology.

3.2.2. Design Recommendations for iVR

Based on content analysis, it was possible to divide the design recommendations for
iVR applications for English learning into two main categories: design and learning, as
explained below.

Design

Fifteen papers offer design recommendations for iVR applications aimed at English
learning. Figure 11 presents these recommendations in a Sankey diagram, illustrating the
contributions of each paper regarding each aspect. Among the aspects, interaction design
and realism and learning context garnered a substantial number of citations per article.

In cognitive experience, it was categorized recommendations that cover aspects such
as cognitive load [18,21,41], diversity of cognitive styles [14], and potential of cognitive
experiences in iVR environments [27]. iVR applications should offer fresh cognitive expe-
riences for effective content acquisition within iVR environments [27]. While immersive
experiences enhance engagement, designers should be cautious about overwhelming learn-
ers’ working memory with excessive immersive elements, as it may hinder cognitive
processing [18,21,41]. To reduce cognitive load, designers can implement scaffolds that
gradually provide information [21] and incorporate verbatim on-screen text to enhance
comprehension by reducing cognitive load during listening exercises [18].

Comfort plays a crucial role in the design of iVR language learning applications.
Designing an effective iVR language learning environment involves ensuring a safe and
supportive atmosphere that minimizes anxiety and encourages active participation [39]. By
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incorporating avatar-based interactions and anonymity, learners can feel more comfortable
practicing and making mistakes in the virtual space [39]. To further reduce anxiety and en-
hance confidence, the iVR application should provide opportunities for learners to interact
with characters, receive feedback, and create a non-threatening learning environment [22].
This involves designing the platform to boost students’ self-esteem, risk-taking abilities,
and motivation, especially beneficial for those who may feel uneasy speaking in front of
others [13]. Additionally, iVR can be leveraged to build students’ confidence in expressing
themselves in English and foster an error-tolerant environment where learners can practice
and improve without fear of judgment [13].

Figure 11. Sankey diagram depicting categories of the design process identified based on
authors [13,14,16,18,21,22,24,27,29,39–44]. The left column presents references to articles extracted
from the SLR, while the right column displays the identified categories. The connecting lines within
the diagram illustrate the relationships between authors and categories. The width of these lines di-
rectly quantifies the volume of encoded text, with wider lines denoting greater content and narrower
lines indicating smaller amounts of content.

A well-planned content design can ensure effective language learning within iVR
applications that is easily comprehensible by users [24]. Immersive experiences can sim-
plify the visualization of abstract and complex concepts [42]. Striking a balance between
engagement and learning outcomes, designers should consider a combination of adapted
and selected authentic materials, carefully choosing and modifying them as needed [41].
Furthermore, promoting comprehensive language learning requires incorporating a diverse
range of content, spanning different topics, vocabulary, and language structures [22]. The
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validity of content design is paramount, aligning VR content with the intended language
use and context [18].

In interaction design, recommendations were incorporated to address user flow [30],
interactivity [42], visual and textual cues [21,40], as well as strategies to reduce distrac-
tions and prevent cybersickness. Related to user flow, it is crucial to prioritize clear,
well-structured learning content while ensuring a seamless flow and logical organiza-
tion of activities within the application [30]. Interactivity allows users to modify objects,
manipulate elements, and have personal experiences within virtual worlds [42]. Other
recommendations include emphasizing intuitive user interactions, offering clear tutorials
for users unfamiliar with VR, and minimizing distractions caused by novelty in interaction
design [29,40]. Employing a variety of cues, including text, images, and on-site indicators,
such as scaffolds, and providing multiple representations of information to accommodate
different learning preferences ultimately enhances engagement and improving learning
performance [21,40]

Finally, it is crucial to address potential cybersickness issues, especially for VR newcom-
ers. This involves minimizing dynamic content that can induce cybersickness symptoms
and ensuring a comfortable, nausea-free VR environment, as these directly impact the
quality of the learning experience [29]. Additionally, it is important to consider the potential
impact of cybersickness on user preferences and learning outcomes, and proactively design
interventions to reduce the risk of cybersickness and its influence on user attitudes [40].

Creating environments based on realism and applying 3D visualization can form
effective language learning, increase engagement, and facilitate the collaborative learning
process [13,29,30,43]. Furthermore, iVR applications should facilitate experiential learning
through practical scenarios [21] while ensuring cultural relevance and relatability [27].
Additionally, interactions should be intuitive and meaningful, avoiding unrealistic actions
to foster an effective learning process [40]. Finally, achieving a high degree of immersion
through advanced technologies is crucial for enhancing learning experiences [42].

The sense of presence is a crucial characteristic to design iVR applications. Designers
should focus on creating immersive and engaging virtual environments that facilitate
both physical and social affordances, allowing users to feel fully present in the virtual
space and fostering co-presence among participants [39]. Encouraging learners to interact
with the virtual environment from a first-person perspective enhances their engagement
and participation [14]. Maintaining a strong sense of presence within the application,
considering factors like audio quality, is essential for user immersion and engagement [29].
Leveraging the mobility and interactivity features of iVR promotes active participation
and a sense of “being there” [44]. Designers should strike a balance between creating
presence and avoiding cognitive overload to prevent distractions [44]. Prioritizing fidelity
of representation and interactivity contributes to immersion and user satisfaction [44],
enhancing comprehension and language learning outcomes [40].

The synergy between sensory experiences and the sense of presence and immersion
has the potential to significantly enhance user engagement, resulting in improved language
learning outcomes [27]. For the optimization of iVR applications in the context of language
learning, designers should incorporate audio elements, including character voices and
captivating sound effects [30]. Additionally, the incorporation of multimodal inputs,
encompassing audio, visual, and textual elements integrated within the VR environment
can further enhance the language learning experience by exposing users to diverse sensory
modalities [18]. Finally, to ensure a positive sensory experience for users, it is essential to
align aspects such as sound design, scenario composition, and interactivity [29].

Regarding user-centered design, designers should prioritize user-friendly interac-
tions, ensuring that the application is intuitive, easy to understand, and responsive to
users’ actions [30,39]. Collaborating with educators or subject matter experts to create a
user-centered design that considers learners’ needs, preferences, and cognitive styles is
essential [21]. Furthermore, a focus on user satisfaction by developing captivating scenarios,
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interactions, and visual/audio elements contributes to the application’s effectiveness and
appeal [29].

Learning

In total, 16 papers describe general recommendation related to learning aspects of iVR
applications for English purposed. Figure 12 visually conveys these recommendations,
delineating the contributions of each paper in relation to each aspect. Adaptive learning
and feedback emerge as focal points, garnering a substantial number of citations per article.

 

Figure 12. Sankey diagram depicting categories of the design process identified based on
authors [13,16,18,20,23,24,26–29,39–44]. The left column presents references to articles extracted
from the SLR, while the right column displays the identified categories. The connecting lines within
the diagram illustrate the relationships between authors and categories. The width of these lines di-
rectly quantifies the volume of encoded text, with wider lines denoting greater content and narrower
lines indicating smaller amounts of content.

Most of the papers (n = 9) report that it is necessary to guarantee that iVR applica-
tions are highly adaptable, and responsive to individual differences, enabling effective
and inclusive learning experiences for a wide range of users with varying needs and
preferences [13,23,24,28,39,41–44]. In the context of learning evaluation, emphasizing the
promotion of language competence is crucial [18]. This involves crafting scenarios that nur-
ture fluency, comprehension, and formulaic competence, motivating students to articulate
ideas cohesively, comprehend spoken language, and recall fundamental language elements
to facilitate effective communication.
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Several papers (n = 5) underscore the significance of engagement in iVR applications,
highlighting its role in capturing users’ attention and sustaining their interest during the
learning process [13,24,28,42,44]. Furthermore, these papers emphasize that engagement
not only enhances comprehension and motivation [44], but also underscores the need to
design language learning activities capable of creating authentic contexts that fully immerse
learners [28,42].

In the context of enhancing language skills, three papers emphasize the importance of
incorporating specific elements into iVR applications. These elements include facilitating
interactions with native speakers [20], promoting collaborative strategies and effective
verbal communication [20,43], and creating immersive learning environments that replicate
real-world business scenarios [23]. Researchers also emphasize the significance of learning
outcomes [29,41], contending that the design of iVR applications should prioritize the
attainment of positive learning outcomes, substantiating their educational value through
pre- and post-game assessments, and proficiently aiding language learning objectives.

Incorporating feedback mechanisms within the iVR application is essential to enhance
user engagement and learning. These mechanisms encompass various aspects, such as
allowing users to express their opinions and feelings [30], providing real-time feedback
on user performance [30], utilizing automatic speech recognition for pronunciation feed-
back [20], enabling reflective feedback processes [39], implementing peer evaluation fea-
tures [22], and gathering user perceptions through questionnaires [26] and interviews [44].
Detailed feedback, including pronunciation and grammar errors, fosters autonomous
learning [27], and an evaluation system that tracks progress objectively is crucial [27].
Regularly collecting feedback from users helps identify strengths and weaknesses [27],
and a comprehensive evaluation system should assess sensory, interactive, and cognitive
experiences [27]. These feedback mechanisms collectively contribute to an effective iVR
language learning environment.

To enhance the effectiveness of iVR language learning, it is crucial to integrate guid-
ance and training [22]. Teachers can contribute by designing scenarios, offering initial
feedback, and steering students toward effective language learning strategies. Additionally,
the successful implementation of innovative technologies like VR in the classroom neces-
sitates proper training [28]. Diverse teaching approaches, comprehensive guidance, and
adequate training are essential to bolster students’ self-efficacy across various dimensions
of language learning.

When designing iVR applications for language learning, it is imperative to prioritize
learning outcomes [41]. The focus should be on evaluating whether increased engage-
ment and immersive experiences translate into positive learning outcomes and improved
language skills. To achieve this, designers must ensure that the iVR application substan-
tially contributes to users’ learning outcomes and effectively supports language learning
goals, as validated through pre- and post-game assessments [29]. The application should
demonstrate a significant enhancement in learning outcomes to justify its educational value.

Incorporating motivation is essential for designing effective iVR-based language
learning experiences [13,22,24,28,39,40,42]. Creating enjoyable activities and challenges
not only makes the learning process engaging and memorable but also encourages active
participation. Motivational factors play a crucial role in iVR language learning, with
the immersive nature of VR applications enhancing learner motivation and fostering
a positive attitude toward learning [22,24,28,39]. Emphasizing the convenience of VR,
the novelty of avatars, and global interactions can make language practice enjoyable
and motivating [39]. Overcoming initial skepticism by ensuring positive and enjoyable
experiences within the virtual environment is vital for dispelling doubts [39]. Incorporating
interactive and engaging activities within the VR environment can further boost learning
motivation [22]. Fostering a positive and constructive learning atmosphere, where students
support each other and collaborate in language improvement, contributes to motivation
and enjoyment [22]. Finally, enhancing creative self-efficacy can reduce anxiety and enhance
intrinsic motivation, particularly in projects using VR technology for learning [28].
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Recommendations about skills development were also noticed by researchers. iVR
technology holds significant promise for language learning, as noted by researchers [42].
Its built-in translation capabilities can enhance students’ comprehension and expedite
educational progress. Moreover, a well-designed iVR platform has the potential to foster
not only speaking skills, but also reading proficiency and vocabulary acquisition through
immersive, self-paced, and engaging learning experiences [13]. Lin et al. [18] highlighted
the immersive nature of VR for improving language accuracy and knowledge retention,
while fluency and pronunciation may require additional explicit instruction and practice.
Additionally, Tai and Chen [44] stressed the importance of contextual interpretation within
iVR experiences to enhance learners’ comprehension of spoken content by leveraging the
“here-and-now” orientation. Finally, Xue [27] advised a balanced approach to foreign
language skill development, encompassing listening, speaking, reading, and writing,
combining teaching with practical exercises to enhance overall language proficiency.

4. Discussion

In this systematic literature review, we identified 18 categories of iVR design recom-
mendations for English learning and a design process used to create iVR applications.
Additionally, we investigated existing trends related to universities, publications, devices,
human senses, and development platforms. In this section, we reflect on our findings and
discuss the study limitations. The first section provides an overview analysis to address
RQ1 and RQ2, followed by a section on the design process to tackle RQ3, and finally a
section on design recommendations to address RQ4.

In general, overview analysis provides information about the current state of iVR
applications for English learning. Regarding usual VR headsets, we highlighted that
although the HTC Vive is the most common device, most articles reported the use of low-
cost VR headsets (Google Cardboard, Samsung Gear, and VR Box), which demonstrates a
preference for cost-effective solutions in the development of English learning applications
in the iVR domain. In terms of human senses, the findings indicate that visual and auditory
perception predominates, underscoring their fundamental importance in engaging users
within iVR applications for English language learning.

In the realm of designing innovative iVR applications, we identified that nine articles
delved into the intricacies of creating entirely new applications, while another eight papers
zeroed in on the utilization of pre-existing applications (Figure 9). Furthermore, other
articles featured the incorporation of pre-existing 360-degree videos (n = 3) or the utilization
of novel iVR applications generated through a platform (n = 4). This analysis highlights
the fact that the majority of articles did not engage in the development of entirely new
iVR applications, a trend evident in Figure 8. Given the inherent complexity and cost
associated with crafting iVR applications, it is conceivable that researchers may choose a
more accessible and cost-effective path by harnessing pre-existing applications or platforms.
Table 4 shows the platforms used to design iVR applications.

Table 4. iVR platform used to design applications.

iVR Platform Used Articles

EduVenture VR [16,18,28]

Experience Colorblindness [45]

Google Expedition [42]

Google Tour Creator [28]

ImmerMe [13]

MindShow [14,22]

Mondly [44]

Pre-existing 360-degree video [27,30,41,43]

Tilt Brush [17]

vTime [39]
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Regarding the design process, it was possible to identify six stages: define the objective,
teaching goals, content design, technology, scenario, interaction design, assessment and
feedback, and continuous improvement. This process elucidates the need for applications
to include assessment and feedback components and concerns related to scenario and inter-
action design. The importance of implementing exercises and automatic feedback, allowing
students to test and measure their learning in real-time, becomes evident. Additionally, the
significance of the aesthetic quality of virtual simulations is emphasized, as they should
incorporate contextual interactions to ensure a seamless navigation experience.

Issues related to technology, such as technical implementations and hardware defi-
nition, also received significant attention in terms of the number of mentions. Given that
the development of immersive reality applications demands substantial investments, it
becomes essential to predefine the technical aspects to be incorporated into the platform
and specify the hardware for which it will be developed. The definition of the device is
crucial for addressing interaction-related issues.

Design recommendations for iVR applications in English learning serve as an initial
guiding framework, assisting designers and developers in carefully considering crucial
factors prior to initiating a project. These recommendations have been derived from a
systematic literature review and organized into two categories: design and learning. The
design category encompasses topics such as cognitive experience, comfort, content de-
sign, interaction design, realism, and learning context, as well as the sense of presence,
sensory experience, and user-centered design. These topics integrate subjects aimed at
improving the user experience in iVR environments. The learning category includes recom-
mendations related to adaptive learning, competences, cultural exposure, engagement, skill
enhancement, feedback, guidance and training, learning outcomes, motivation, and skills
development. In this way, the learning category encompasses aspects related to improving
the user’s learning experience. We purposefully omit language teaching/learning strategies
as these would fall outside the scope of this work, and have been well-addressed by other
works [22,30,33,35,36,46]

Under the design category, we integrated user experience design recommendations
that will exert a substantial influence on the application’s development. Notably, interaction
design and realism in learning content emerged as prominent themes by their substantial
citation count in the literature, highlighting their significance in the referenced papers. The
identification of eight themes underscores the intricate nature of designing iVR applications
for English learning, encompassing various aspects and challenges.

The design of iVR applications for language learning is a multifaceted endeavor, with
several critical considerations. Managing cognitive load while offering fresh cognitive
experiences is essential to ensure learners can engage effectively without feeling over-
whelmed. Moreover, fostering user confidence and reducing anxiety through features
like avatar-based interactions and anonymity plays a pivotal role in creating a safe and
supportive learning atmosphere. Content design must balance realism, 3D visualization,
and cultural relevance to enhance engagement and comprehension. Interaction design
recommendations, including user flow, interactivity, and the use of cues, are vital for
improving user engagement and performance. Additionally, addressing cybersickness
challenges and finding ways to mitigate its impact on user attitudes is crucial for a positive
learning experience. Achieving a high degree of immersion through advanced technologies
and striking the right balance between engagement and learning outcomes are overarching
goals. These discussions offer insights into the intricate world of iVR language learning
applications, where technology, psychology, and pedagogy converge to create immersive
and effective learning experiences.

5. Conclusions

This article had as objective to identify design recommendations for iVR English
learning applications. Our research was motivated by the existing gap in the research
literature, which led us to seek guidelines or considerations for designing iVR applications
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for English learning. To fulfil this objective, we considered four research questions: RQ1:
“Which human senses are most frequently employed in iVR applications for English
language learning?”; RQ2: “Which iVR platforms are most commonly used for developing
English language learning applications?”; RQ3: “What characterizes the design processes
employed to create iVR applications tailored for English language learning?”; and RQ4:
“What design recommendations guide the design and development of iVR applications for
English language learning?”. With the obtained results of the investigation, we were able
to answer each one of them.

Visual and auditory are the most used senses in iVR applications for English language
learning, answering the research question (RQ1). Some papers also reported the use of
proprioception [17] and touch [14,23,27].

The design process to design iVR applications can be characterized by six steps:
(1) define the objective, (2) teaching goals and content design, (3) technology and hardware
selection, (4) scenario creation and interaction design, (5) assessment and feedback, and
(6) continuous improvement. Regarding design recommendations, we identified two main
categories, design and learning, that bring together 18 recommendations.

These diverse approaches in VR-based English language learning offer valuable in-
sights into the evolving landscape of technology-assisted education. Discussing the design
processes and pedagogical considerations can help educators, researchers, and developers
explore new avenues for enhancing language learning through VR technology.

The results of this research are based on systematic literature review. Future studies
will delve deeper into recommendations based on interviews with virtual reality experts.
Based on the interviews, the recommendations will be evaluated and subsequently reissued.
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Abstract: The aim of this study is to present, based on a systematic review of the literature, an
analysis of the impact of the application of the ChatGPT tool in education. The data were obtained
by reviewing the results of studies published since the launch of this application (November 2022)
in three leading scientific databases in the world of education (Web of Science, Scopus and Google
Scholar). The sample consisted of 12 studies. Using a descriptive and quantitative methodology, the
most significant data are presented. The results show that the implementation of ChatGPT in the
educational environment has a positive impact on the teaching–learning process, however, the results
also highlight the importance of teachers being trained to use the tool properly. Although ChatGPT
can enhance the educational experience, its successful implementation requires teachers to be familiar
with its operation. These findings provide a solid basis for future research and decision-making
regarding the use of ChatGPT in the educational context.

Keywords: ChatGPT; artificial intelligence; education; impact; systematic review

1. Introduction

Over the past decades, artificial intelligence (AI) has experienced rapid growth and
has transformed many areas of society. AI has positioned itself at the forefront of research
fields ranging from medicine and robotics to education and autonomous driving. Broadly
speaking, artificial intelligence refers to the ability of a computer system to mimic the
behaviour of the human brain. This involves receiving information in the form of external
data, learning through training and based on that learning, achieving the goals for which it
was designed [1].

The implementation of artificial intelligence in education has had a significant impact,
evidenced by improvements in the efficiency of the educational process, the promotion of
global learning, the personalisation of learning, the creation of more intelligent content and
the optimisation of educational management in terms of effectiveness and efficiency [2].
Nowadays, new technologies play a fundamental role in optimising the teaching–learning
process. Education is not limited to being a mere product but is a process in which learning
goes beyond the simple acquisition of knowledge. In this sense, artificial intelligence (AI)
emerges as a new technology with great potential in the field of education, as AI-based
systems could foster personalised learning, adapting to the needs and interests of each
student [3].

Within education, it is critical to recognise that the implementation of AI raises signifi-
cant challenges and ethical considerations. Issues such as data privacy, equity of access
to education and the impact on the role of the educator require careful attention. It is
essential to address these aspects in a responsible manner to ensure that AI is used in
a beneficial and equitable way for all learners [4]. In this regard, it is critical to find a
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balance between technology and the essential role of educators to ensure that the focus
remains on the holistic development of students and their preparation for an ever-changing
world. Due to the short time between the launch of ChatGPT (end of November 2022),
no systematic reviews addressing its impact on education have been found [5]. Therefore,
the main objective of this systematic review is to analyse the existing literature on the use
of ChatGPT in education in order to identify its impact, benefits, challenges and areas
of application in teaching and learning. In this regard, the following research questions
are addressed:

1. What is the general state of scientific research on the use of ChatGPT in education?
2. What are the benefits and challenges of implementing ChatGPT in the classroom?
3. What are the future trends and emerging research areas in the use of ChatGPT in

education?

2. Use of ChatGPT in Education

The use of ChatGPT in education has generated considerable interest due to its po-
tential to enrich the learning experience of students. By providing quick and personalised
responses, this system has the ability to address individual student needs, offer immediate
feedback and facilitate the understanding of complex concepts. In this way, it becomes a
promising tool that promotes a student’s active participation and cognitive advancement
by adapting to their learning pace and offering continuous support in their knowledge
acquisition process [6].

Following this line, it has proven to be a valuable tool to promote the development of
writing skills in students. By interacting with the system, students can receive grammatical
corrections, suggestions for improvement and detailed feedback on their writing, which
gives them the opportunity to improve their written communication and achieve greater
effectiveness in their written expression [7]. Thus, this application presents itself as an
invaluable assistance tool for scientific writing; however, it is essential to understand that
it should not be considered as a complete solution for scientific content creation. Writers
must exercise their knowledge and experience to validate and complement the information
provided by the tool. However, it also excels in its ability to facilitate group discussions
and promote collaborative student participation in projects and assignments. This fosters a
sense of community among learners by allowing interaction and an exchange of ideas [8].

Several studies have tried to explore the potential impact of artificial intelligence,
especially with the famous ChatGPT tool for students in education. Various applications of
artificial intelligence in education were studied, such as personalised learning experiences,
adaptive testing, predictive analytics and chatbots. As a result, it shows an incredible
potential to improve learning efficiency and provide personalised educational support to
both students and teachers. However, it is essential to consider the risks and limitations
associated with these technologies, such as data privacy, cultural differences, language
proficiency and associated ethical implications [9].

Its influence over the last year has sparked a growing interest in education. This
innovative tool has positioned itself as a disruptive technology that is revolutionising the
way students are taught, promoted, and supported in academic environments. In this sense,
educational centres are rethinking how to incorporate this technology into their didactic
models in order to improve the teaching and learning process of educational agents [10].
Therefore, teachers must approach this tool in the classroom and present it as an additional
resource that complements the learning process. However, it is crucial to highlight that
this tool does not replace the cognitive processes necessary in learning or other sources of
information such as books, articles or interactions with others.

3. Method

Following an explicit and systematic search strategy, with inclusion and exclusion
criteria, a systematic review of the literature will be carried out. For this, the researchers
have followed the recommendations of the PRISMA Statement [11].
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3.1. Search Strategy

The selected databases were Web of Science, Scopus, and Google Scholar. The search
string (Table 1) was applied in the three international databases in the field of education, in
the fields of title, abstract and/or keywords. The literature search was conducted between
May and June 2023, with an initial identification of 154 records.

Table 1. Search strategy.

Topic Search Terms

Artificial Intelligence “ChatGPT” OR “Chatbot” OR “Artificial Intelligence”

Context “Education” OR “Educational Institution”

3.2. Inclusion and Exclusion Criteria

After eliminating duplicate studies (n = 73), the inclusion and exclusion criteria were
established to ensure that the selected studies were relevant and met the objectives of the
review (Table 2). These criteria were applied independently by two reviewers to ensure
objectivity and to minimise bias in the selection of studies. It was decided to limit the
search to articles published from the year 2022 onwards, as this was the year in which this
artificial intelligence chatbot developed by OpenIA was launched.

Table 2. Inclusion and exclusion criteria.

Inclusion Criteria Exclusion Criteria

Publication period
Published between 2022—present
(June 2023) Published before 2022

Type of document
Scientific article published in
peer-reviewed journal

Not an article published in a
peer-reviewed journal

Type of study Theoretical and empirical research Other research (review, opinions,
letters to the editor...)

Language English or Spanish Neither in English nor in Spanish

Population Education No focus on education

Research topic Use of ChatGPT in education Does not use ChatGPT

3.3. Methodological Quality Assessment

The Johanna Briggs Checklist (JBI) is a tool used to assess the methodological quality
of research studies. It consists of a set of criteria used to determine the rigour and validity of
a study. When applying the JBI checklist, aspects such as study design, participant selection,
data collection and analysis, among others, are analysed. The 14 identified articles were
assessed for their methodological quality. The included studies were examined through a
critical and independent review using an eleven-point checklist developed by Aromataris
and Munn [12].

To ensure an unbiased assessment, a masked review of the checklist was conducted
by two independent researchers, unrelated to the study. This measure was implemented
to avoid any assessment bias on the part of the study authors themselves. The selected
studies had to meet at least four of the checklist criteria. The checklist used covered the
following assessment criteria:

- Is the purpose of the research clearly specified?
- Does it address the use and impact of ChatGPT in education?
- Are the data extraction instruments appropriate?
- Are the results obtained useful to the research community?
- Are the authors’ conclusions supported by the data analysed?
- Are recommendations made for future research?
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Two studies [7,13] were excluded based on the quality issues raised in the checklist, as
they did not meet at least four of the criteria provided above.

3.4. Selection of Studies

A total of 154 records were identified in the three electronic databases analysed. After
removing duplicate records (n = 73), studies were reviewed by title and abstracts to assess
eligibility (n = 81). A total of 67 studies were excluded as they did not meet the established
inclusion and exclusion criteria. Subsequently, the remaining 14 studies were assessed for
methodological quality, eliminating 2 studies. Finally, a total of 12 studies were eligible for
inclusion in the review. Figure 1 shows the flow chart of the record selection process based
on the Preferred Reporting Items for Systematic Reviews and Meta-Analyses (PRISMA)
guidelines [11].

 

Figure 1. Flow chart of the study selection process.

3.5. Data Extraction and Analysis

In order to address the research questions posed previously, we carried out a content
analysis combining qualitative and quantitative approaches to the 12 research studies
obtained. The quantitative analysis allowed us to visualise and understand general aspects
of the topic through descriptive graphs. For the qualitative analysis, we used the VOSviewer
1.6.15. tool to identify the main trends and scientific impact of the research field [14,15].
Each of these clusters has a different number of elements, colour, and size. The size is
determined by the frequency of occurrence. The larger the circle, the more frequently that
keyword is used in the studies [16]. The main characteristics of the studies included in the
review related to ChatGPT in education are provided in Table 3.
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Table 3. Characteristics of the studies included in the review.

Authors/Year Methodology Country/Continent
Findings

Advantages Disadvantages

Diego Olite et al.
(2023) [17] Theoretical Cuba, America

• Strategy that will bring
about changes in the
way of thinking and
educating (educational
process).

• Lack of training.

García Peñalvo
(2023) [10] Theoretical Spain, Europe

• Promotes the
development of critical
thinking.

• Provides training for
both teachers and
students to encourage
appropriate and
ethical use.

Sánchez García
(2023) [6] Theoretical Mexico, America

• Educational
institutions should
take into account the
concerns expressed by
students when using
artificial intelligence.

Halaweh (2023) [18] Theoretical United Arab Emirates,
Asia

• It offers numerous
opportunities for
teachers and lecturers
to
develop ideas.

• Provides teacher
training on the
functions of artificial
intelligence tools, as
well as how to
evaluate and use it
correctly.

Rahman and Watanobe
(2023) [19] Quantitative Bangladesh, Asia

• Very useful as a
support for
educational work.

• Lack of training.
• Lack of common sense

in its use.
• Difficulties in complex

reasoning.

Ausat et al. (2023) [20] Quantitative Malaysia, Asia
• Offers improvements

in learning.

• It does not completely
replace the role of the
teacher. Therefore, a
teacher’s digital
competence is
necessary to integrate
it effectively and
appropriately.

Rincón Castillo et al.
(2023) [21] Qualitative Indonesia, Asia

• ChatGPT significantly
impacts the
teaching–learning
process.

• Many students use
ChatGPT to manage
and deliver their work
without learning
anything.

Javaid et al. (2023) [22] Theoretical Mexico, America

• Both students and
faculty can benefit
from this tool.

• Faculty can save time
on numerous tasks by
using these
technologies.

• Students can use it as a
support tool.

• Lack of training.
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Table 3. Cont.

Authors/Year Methodology Country/Continent
Findings

Advantages Disadvantages

Qadir (2023) [8] Theoretical India, Asia

• It offers numerous
benefits in the
teaching–learning
process.

• It is important to use
these tools with
caution, as they can be
misleading.

• Provides equitable
access to advanced
technology, especially
for marginalised
communities, so as not
to exacerbate existing
inequalities.

Firat (2023) [23] Qualitative Qatar, Asia

• This tool can increase
student engagement
and satisfaction.

• It can enhance
learning experiences
and transform the role
of educators.

• Need to improve the
training of teachers
and students.

Fauzi (2023) [24] Qualitative Turkey, Asia

• It offers learners the
chance to improve
their language skills.

• Facilitates
collaboration.

• Increases time
efficiency and
effectiveness.

• Provides support and
motivation.

• Lack of training.

Strzelecki (2023) [25] Quantitative Indonesia, Asia

• Tool accepted by
university students.

• Increases students’
performances.

• Increases students’
motivation.

• Lack of training.

4. Results

Once the studies related to the impact of ChatGPT application in education were
collected, a total of 12 relevant articles were selected for this systematic review. When
observing the distribution of the collected research according to the year of publication,
it is evident that all the articles found belong to the year 2023. This is due to the fact that
the implementation of ChatGPT in education was implemented at the end of 2022, which
did not allow enough time for studies to be conducted and articles on its impact to be
published until the following year. Looking at the distribution of the studies according
to the place of publication, research from the Asian continent predominates with 66.67%
of the research collected, coming from countries such as the United Arab Emirates, Qatar,
Indonesia, Turkey, India and Bangladesh. However, we also found research from the
Americas (25%) and Europe (8.33%) to a lesser extent. Some of these countries are Spain,
Mexico, Poland and Cuba. No articles were found from the African or Oceanic continent
(Figure 2).
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Figure 2. Distribution of studies by population location.

Regarding the methodology used in the selected articles, it is worth noting that most of
the research published on the impact of ChatGPT in the educational field has been carried
out through a theoretical approach (50%), with the aim of understanding the potential
and challenges of this tool. To a lesser extent, there are other studies that have chosen to
approach the study from both a qualitative and quantitative methodology (25%) (Figure 3).

Figure 3. Distribution of studies by methodology used.

Considering the main findings that were found after reading the selected articles,
Figure 4 shows that the main result obtained was that the use of ChatGPT in education
is a great educational support in the teaching and learning process for both students and
teachers (82%). This is closely linked to the improvement of performance, motivation,
organization and efficient time management, as well as the promotion of a more effective
and collaborative learning environment. At the same time, there is a lack of teacher train-
ing regarding the use of ChatGPT for its subsequent application and use in educational
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classrooms (58%), as many teachers do not have the necessary skills to apply it efficiently.
However, it is necessary that all educational agents know how to use this tool in a responsi-
ble way, following ethical guidelines, since inappropriate use could be an obstacle in the
learning process of students (52%). On the other hand, and closely related to the previous
finding, a large part of the research collected in their articles shows the great changes at the
educational level that the use of ChatGPT can create by generating a strong impact on the
way of teaching and carrying out tasks (46%). Lastly, the articles reflect a concern for the
clear need for student training (32%) and the possible problems in the educational system
that can be generated after prolonged use of this application (28%).

Figure 4. Main findings of the analysed studies.

Finally, to find out the lines of research in this field, three clusters were obtained from
the mapping of VOSviewer. The three clusters obtained are (Figure 5):

Figure 5. Labelled bibliometric map.
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- Cluster 1 (red). The cluster marked in red has 19 items, including application, artificial
intelligence, challenge, ChatGPT, critical thinking, education, future, impact, implica-
tion, limitation, need, opportunity, research, strategy, teacher, teaching, technology,
tool and use. This cluster is therefore linked to research on the role of the teacher in
an educational environment driven by artificial intelligence, including their training,
the impact of using artificial intelligence tools and their adaptation to changes in their
pedagogical practice.

- Cluster 2 (blue). The cluster marked in blue has 18 items, including approach, chatbot,
chatbot technology, class, context, data, development, experiment, feedback, inter-
action, knowledge, learning, participant, performance, problem, skills, student and
study. This cluster is related to the line of research on the use of chatbots in education,
including their impact on students.

- Cluster 3 (green). The cluster marked in green has 18 items, including accuracy, analy-
sis, answer, conversation, conversational agent, field, higher education, information,
model, order, paper, question, response, system, time, university, user and work. This
cluster is related to research on the impact of the chatbot on teaching and learning
processes, including factors such as the socioeconomic, cultural, institutional and
technological environment in which it is developed.

5. Discussion

To address the research questions posed in the study, the findings obtained through
the qualitative and quantitative content analysis conducted in the 12 selected research will
be explored.

Q1: What is the general state of scientific research on the use of ChatGPT in education?

The general state of scientific research on the use of ChatGPT in education is limited
due to the recent implementation of this application in the educational setting, being still
in its initial stages. A total of 12 relevant articles were collected for a systematic review, all
published in the year 2023. This is because the use of ChatGPT in the educational setting is
a relatively new practice, since its launch occurred at the end of 2022, so there has not been
enough time to conduct long-term studies and collect meaningful data on the impact on
education until the first months of the following year [26].

In terms of geographic focus, a greater representation of studies belonging to the
Asian continent was observed. The predominance of research from Asian countries may be
related to the early adoption of technology in these regions and their focus on educational
research. Other factors such as the availability of research funds and collaboration between
university institutions may also influence these data. It should also be noted that in different
countries, the use of this tool has been banned in educational centres [25].

In relation to the methodology used in the selected articles on the impact of ChatGPT
in education, a high predominance of theoretical articles stands out, as opposed to qual-
itative and/or quantitative studies. This may be possible because the development and
implementation of artificial intelligence technologies in education, such as ChatGPT, are
still at a relatively early stage, so the exploration of the possibilities and challenges presents
a mainly theoretical approach before conducting empirical research [10].

Q2: What are the benefits and challenges of implementing ChatGPT in the classroom?

In an ever-changing society, technological advancement has taken on a fundamental
role in our existence and, naturally, it has left its mark on the field of education. OpenAI’s
innovative creation, known as ChatGPT, is revolutionising the way educators and students
approach the learning process in the classroom. The implementation of ChatGPT in schools
brings a number of benefits and challenges that educational agents need to be aware of in
order to improve the quality of education in the classroom.

Its use in the classroom is offered as a promising tool that offers multiple benefits
for learning. This tool allows content and activities to be customised to the specific needs
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of each student, improving the effectiveness of teaching and learning. In other words,
it allows students to adapt to their learning pace and provides constant support in their
knowledge acquisition process.

All of this results in having more individualised and personalised learning, which
leads to an improvement in motivation and commitment on the part of students, being
considered as a fundamental educational support for the improvement of the teaching and
learning process [6]. At the same time, ChatGPT promotes collaboration by allowing stu-
dents to work together to research topics and develop communication and teamwork skills,
leveraging this tool to support the educational process. ChatGPT is also an easy-to-use and
accessible tool for teachers and students, allowing for quick integration into the classroom.
Finally, by providing support in the generation of content and activities, ChatGPT allows
teachers to focus on more important aspects of teaching, such as personalised interaction
and feedback.

However, for an effective implementation of this tool, the importance of providing
training appropriate to the current context is highlighted. Teachers must be provided
with the necessary technological knowledge to be able to use this tool effectively in the
educational environment, preventing teachers themselves from being an obstacle in the
implementation of this tool. In this sense, teachers must not only learn how to use the
technology itself but also understand its possibilities and limitations, as well as address the
associated ethical and pedagogical challenges [10]. Along these lines, the implementation
of this tool should be approached in a reflective manner to ensure a responsible classroom
environment. Its use in the education system must be carefully evaluated to ensure that it is
not used to that it is not used to replace these important skills [26]. However, there is a need
to consider the academic misuse of ChatGPT that may be implied by using text generation
technology for dishonest or unethical purposes in academia [19]. In addition, ChatGPT’s
knowledge is still limited and has not yet been updated with information beyond 2021 [27].
Therefore, its answers may not always be accurate or reliable, especially on specialised
topics and recent events. In addition, ChatGPT may generate incorrect or even inaccurate
information [28]. This situation can pose a challenge for students who rely on ChatGPT for
information during their learning process. In this context, one of these specific limitations
is the phenomenon known as “hallucinations”. In the context of chatbots such as ChatGPT,
hallucinations refer to responses that sound plausible but are incorrect or nonsensical. That
is, the chatbot may generate responses that appear to be well-written and coherent but are
actually erroneous or unsubstantiated information. This phenomenon can be problematic
in the educational context since students could receive incorrect or confusing information,
which would negatively affect their learning and understanding of the topics. This is why
it is important to take these limitations into account and carefully evaluate the accuracy
and reliability of the chatbot before using it as an educational tool [29].

Q3: What are the future trends and emerging research areas in the use of ChatGPT
in education?

After conducting an analysis using the VOSviewer software, a bibliometric analysis
was performed to visualise research trends in relation to the use of ChatGPT in education.
This analysis revealed three clusters grouping the keywords present in the titles and
abstracts of the studies found in the databases, allowing us to identify three main emerging
research areas and the directions that the research in this field is taking.

The first is focused entirely on the role of the teacher in the educational setting
driven by the use of artificial intelligence. The role of the teacher in the context of the use
of artificial intelligence is crucial for improving educational practice and fostering new
teaching methodologies [23]. ChatGPT is a valuable tool for trainers, providing them with
a starting point for designing curricula, teaching materials and assessment activities [30].

The second line of research in the field of education focuses on the impact and use
of artificial intelligence (AI) in the classroom, which has aroused great interest among
educators and pedagogical experts. The incorporation of artificial intelligence as a com-
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plementary tool in the teaching–learning process has shown promise and has generated a
variety of research [20]. In this context, artificial intelligence, and in particular ChatGPT,
has been highlighted for its ability to improve a student’s academic performance and foster
the development of critical thinking. By providing quick and accurate answers to specific
questions, ChatGPT facilitates access to relevant and up-to-date information, which can
be particularly beneficial for students in their process of inquiry and understanding of
different topics [22]. In addition, artificial intelligence adapts to each student’s individual
learning pace, allowing them to progress at their own pace and receive personalised sup-
port based on their needs. This not only improves student motivation and engagement but
also frees up time for educators to focus on more interactive and creative tasks, such as
one-to-one tutoring and constructive feedback [21]. However, it is also important to bear in
mind some challenges and ethical considerations when incorporating artificial intelligence
in the classroom. For example, it is essential to ensure the privacy and security of student
data, as well as to assess the accuracy and reliability of the answers provided by AI to avoid
the spread of erroneous or biased information [20].

The last line is closely related to the impact of artificial intelligence on teaching and
learning processes, including factors such as the socioeconomic, cultural, institutional
and technological environment [19]. In summary, AI technologies such as ChatGPT can
help educational institutions achieve intelligent management and allocation of learning
resources, improve the utilisation and effectiveness of educational resources, greatly change
the shape of education quality and efficiency, provide better learning services to students
and help them to better adapt to the development needs of future society.

6. Conclusions

The systematic literature review has shown that scientific research on the use of the
ChatGPT tool in education is still scarce, as it turns out to be a novel tool launched in
late 2022. The use of ChatGPT in education has emerged as an innovative and promising
tool that seeks to enhance the learning experience and foster greater interaction between
students and teachers. As its possibilities are investigated and understood, the use of
ChatGPT in education reveals a significant potential to transform teaching and learning
methods. In this sense, this artificial intelligence tool proves to be a motivating tool for
students, by having to apply Information and Communication Technologies, and signifi-
cantly improves students’ academic performances, if it is used appropriately. However, it is
essential to bear in mind that its use presents a series of challenges, which teachers must be
aware of to avoid incorrect use. Along these lines, proper training of teachers and students
can be effective to know how to use the application and avoid its misuse in the academic
environment. With ethical implementation and proper supervision, this technology can
open new educational possibilities and enrich the teaching and learning process.

In this sense, although artificial intelligence is not something new, the emergence
of ChatGPT has generated debate in education, questioning aspects such as traditional
tasks, methodology and evaluation. Therefore, it is important to continue researching the
potential of these tools and their impact, considering didactic and scientific aspects, and
promoting an ethical and responsible integration of artificial intelligence in education.

The main limitation of this review lies in the limited amount of literature included
in the analysis. This is because, so far, not enough studies that address the specific use of
ChatGPT in higher education institutions have been conducted. Educational technology,
such as ChatGPT, is a constantly developing and evolving field, and its implementation
in higher education may be relatively new and therefore less researched compared to
other levels of education. Despite this limitation, the review provides an overview of
how ChatGPT has influenced the university level. As more research is conducted and
knowledge about the use of ChatGPT in higher education expands, it will be useful to
expand the study to gain a more complete understanding of its impact and benefits at
this specific educational level. In future studies, other databases such as ERIC or Dialnet,
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among others, could be included to ensure an exhaustive and comprehensive search for
relevant studies.
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