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The core focus of this review is to show how immediate and valid feedback, qualitative assessment influence enhances students
learning in a higher education environment. With the rising trend of online education especially in this COVID-19 pandemic, the
role of assessment and feedback also changes. Earlier the assessment part is not considered the main focus in learning and teaching
in HEIs, but now with the increase in online education, it is observed that the paradigm is shifted toward assessing those activities
of students that enhance their learning outcomes. A lot of research work has been done on developing assessment strategies and
techniques that can support learning and teaching effectively. Yet, there is limited research that looks at how methods applied in
learning analytics can be used and possibly constitutes the assessment process. The objective of this work is to provide an
exploratory and comparative study of how assessment and feedback practices can enhance students learning outcomes using Al
The key contribution of this study attempts to capture an outline of the most used artificial intelligence and machine learning
algorithms for student success. The results showed that I-FCN performed better than other techniques (ANN, XG Boost, SVM,
Random Forest, and Decision Trees) in all measured performance metrics. Also, the result of the comparative analysis study will
help the educators, instructors, and administrators on how they could take the advantage of a data-driven approach, design less
pressurized, more valid, reliable, constructive assessment findings, and connect the power of assessment and feedback to enhance
the learning outcomes.

1. Introduction

Assessment initiated a continuous cycle of improvement and
is the evidence of learning. Assessment and feedback are
considered as important factors of focus in the higher ed-
ucation environment as it influences all kinds of stakeholders
(students, instructors, administrators, etc.). Teachers spend a
significant amount of time in the assessment and feedback
process, but there is very little progress in how to strategize
assessment, also on how to make reliable feedback, and to
analyze the impact of both in higher education environment
[1]. The role of assessment in higher education improves

their grading capacity, motivation values, performance, and
advancing learning [2, 3]. Advancements in electronic
technologies and information science are ushering us into a
technological world in which computers are progressively
being invented and formulated to meet human requirements
while becoming smarter [4, 5]. Many researchers have
emphasized the importance and impact of assessment on
students learning in higher education. Recently, the role of
assessment and feedback is widened as it is not only stu-
dents-centered but also covers curriculum design, teachers’
instructions, and administrators’ settings. Assessment helps
in improving the performance of students learning and acts
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as a key factor in their future attainment [2]. There is
widespread agreement that Artificial Intelligence (AI) will
become one of the most useful technologies in the next years,
alongside robots, virtual worlds, 3D printing, and Internet
[6, 7]. Many frameworks for assessment for enhancing
students learning outcomes are also proposed [8, 9].

Artificial intelligence attempts to simulate the natural
intelligence of human into machines. AI systems can learn
from past experiences or outcomes and make decision on the
basis of these experiences. The applications of Al are
growing in every field such as agriculture, industries,
medical, and education. Machine learning is a subsystem of
artificial intelligence. Machine learning algorithms helps the
instructors in systematic monitoring of student’s perfor-
mance in the course and can take preventive measures to
support struggling students. From researches it is observed
that AI helps HEIs to improve quality of education by
improving students’ final outcomes.

Assessment can take multiple forms conferring to the
purpose of assessment within the learning environment in
the course. It could be diagnostic, formative, summative, or
e-assessment. Some other types of assessment tasks are also
seen and used within higher education: self-assessment and
peer assessment. Choosing the right type of assessment type
depends on the need and what kind of learning outcomes is
needed during the course. Formative assessment “assess-
ment for learning” can be performed throughout the
learning process, whereas summative assessment, that is,
“assessment of learning” is frequently performed at the end
of all learning activities [10]. Al is applied in a range of
scenarios, such as smart buildings and transport systems,
smart transportation, health, compete effectively (called the
“fourth industrial revolution” by some writers), and smart
education, sometimes known as “learning aids” [11, 12].
Formative assessment (i.e., provide immediate and mean-
ingful feedback to students about the learning outcomes at
the end of the course contents) approaches and skills are
superior to meet HEIs needs—to improve teaching levels of
teachers which in turn improvise students learning out-
comes and raise their achievement level [13]. Positive effects
are seen of peer assessment on students learning autonomy
(i.e., self-skills development, and self-motivation) [14, 15].
After introducing self-assessment in the learning process, an
increase in student’s pass rate can considerably impact
student’s overall performance [16].

In regards to ethical AI applications, UNESCO is de-
veloping a global platform to oversee Al uses and appli-
cations to guarantee that these new technologies are utilized
responsibly. In order to defend principle of equality, we must
examine the countless advantages while also expecting risks,
harmful applications, and divides [17, 18]. The COVID-19
pandemic highly disrupted the higher education sector and
shifted the old, chalk-talk teaching-learning model to an
online learning format. This meant that the structure and
nature of teaching, learning, assessment, and feedback
methodologies also changes. Now, the assessment feature
becomes more useful, powerful with the changing assess-
ment parameters in order to enhance students learning
outcomes in a digital learning environment [19, 20].
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One of its most essential applications of Al is in edu-
cation. We are talking for not only face-to-face teaching
and smart online learning, but then also and perhaps most
relevantly, e-learning, which enables direct and customized
learning processes based on dynamic learning, computer
vision, ontologies, conceptual systems, computational
linguistics, and deep learning. There are many research
works performed in the field of assessment and feedback,
especially in the higher education sector [21, 22]. However,
to the best of found experience, very few research works
perform a study both of the theoretical discussion and
practical implications of technologies in this area. Enough
work has been done on developing assessment strategies
and techniques that can support learning and teaching
effectively. Yet, there is limited research that looks at how
methods applied in learning analytics can be used and
possibly constitutes the assessment process. The main goal
of this survey is to provide theoretical and practical
practices that help in a better understanding of assessment
and feedback practices applicable in improving students’
outcomes in higher education.

We address the following research questions in the
study:

Q.1. What is the purpose of assessment and feedback?

Q.2. How does LA inform assessment as learning
unfolds?

Q.3. What are the effects of assessment and feedback
practices on student’s performance, motivation, en-
gagement, self-regulation, pedagogy, and curriculum/
course design process?

This study aims to answer the above-stated research
questions. Moreover, we designed a theoretical frame-
work on assessment analytics and feedback to enhance
students’ outcomes in HE and also comparative perfor-
mance analysis of various algorithms is performed and
drafted in the paper accordingly and designed the figures
and conclusion accordingly.

The structure of this review is as follows: Section 2
outlines assessment and its types in the field of higher
education. Section 3 is dedicated to the purpose of as-
sessment in HE. Section 4 presents a short review of the
feedback concept. Section 5 presents the proposed the-
oretical framework on assessment analytics and feedback
to enhance students’ outcomes in HE on the basis of
various theoretical and practical researches reviewed.
Further in Section 6, a discussion on how can learning
analytics inform assessment as learning unfolds is pre-
sented. Section 7 attempted to present the impact on
assessment and feedback on domain-specific areas to
enhance students learning outcomes. Section 8 shows the
comparative performance analysis of various artificial
intelligence, machine learning, and learning analytics
algorithms that carry out implementation for assessing
and proving quality feedback to stakeholders in HE.

Some of them are as follows:

(i) How students perform in a course?
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(ii) Student engagement and progression level in a
course.

(iii) Student motivation values.

(iv) Curriculum/course design.

Finally, the conclusion, limitations, and future work are
revealed.

1.1. Problem Formulation. During the last two decades, the
paradigm of e-learning has shifted. The use of the Internet
for education has grown in popularity. Two crucial re-
quirements for the accomplishment of today’s modern
virtual classrooms are continuous supervision as well as
evaluation of material with learner-centered training and
certification. Offline courses need to be assessed in such a
manner that could help the learner in identifying potentially
weak areas and ways of improving. Formative assessment
involves modifying the models of teaching, training, as well
as evaluation to modify academic achievement. Learning
analytics is defined as the “analysis and examination of
information generated through or acquired on students
based to evaluate learning achievement, estimate future
achievement, and uncover possible concerns,” according to
academics.

So far, no measures for student quality have been ex-
plored, as well as the opinions of all participants, including
organizations, teachers, as well as learners, and also aca-
demic staff performance objectives, have been widely
overlooked. This research will benefit the growth of the HE
system by attempting to bring in a relevant collective tool as
well as recommendations to decision-makers that will in-
crease the performance of HEIs, as the sustainable strategy
massive change due to private enterprise and global com-
petition of learning.

Higher learning evaluation has generally concentrated
on effective learning as well as implementation in confined
situations, as evaluated by pen-and-paper examinations or
academics projects like composing academic papers.

Assessment in higher education has traditionally
focused on retention of knowledge and its application in
limited contexts as measured by paper-and-pencil tests
and academic assignments such as writing term papers.
The growing volume of data produced in virtual learning
environments presents both potential to learn statistics as
well as issues relating to compatibility, confidentiality, as
well as pedagogy, and institutional paradigms. As a result,
new approaches as well as technology platforms are re-
quired to evaluate and interpret such statistics and to
deliver personalized programs and assistance to users
such as learners, academic staff, executives, as well as
guardians. Taking insights and perspectives of the cus-
tomized frameworks as well as designed to help effective
teaching and learning process, cognitive and adminis-
trative paradigms also must be implemented. Further-
more, accessibility to information from various sources
presents numerous concerns about privacy collaboration
as well as scalability, and also confidentiality as well as
institutional business associations.

There is limited research that looks at how methods
applied in Al and LA can be used and possibly constitute the
assessment process. The main goal of this survey is to
provide theoretical and practical practices that help in a
better understanding of assessment and feedback practices
applicable in improving students’ outcomes in higher ed-
ucation. Moreover, one of the goals of this study is to
motivate the use of various Al and LA techniques to help
HEIs. A novel assessment analytics framework is also
designed that highlights the main focus areas that can be
used to support quality higher education. So far no measures
for student quality have been explored which is overcome by
this research. Further, it is noted earlier, if the teaching
process is limited and controlled, student assessment quality
will also be limited. So teachers need a strong and persuasive
strategy to set up learning situations and respond to student
learning needs. All assessment types require greater trans-
parency in all forms of teaching and learning and are also
entirely iterative. The approaches provided in this work are
ideal for researchers who are interested to explore the route
of teaching and learning in a normal classroom and online
classroom settings.

1.2. Expected Contribution of Research. Assessment methods
are used by teacher’s instruction that provides feedback to
students to adjust ongoing teaching and learning to improve
their achievement of intended instructional outcomes. The
improvement of OL (Online Learning) in advanced edu-
cation requires HEIs to move their intelligent and practices
as far as learning viability. The asynchronously OL courses
give open doors to an understudy focused way to deal with
learning and assessment process. The web-based learning
climate gives a platform to more execution-based assessment
through real time and timely feedback, open doors for in-
dividual practice, and assistance. This study not only
monitors learning process but also provides corrective
measures and adjusts teaching to improve student learning.
Through real-time feedback, possibilities for effective
practitioners, as well as instruction, the interactive learning
context provides a framework for further achievement
evaluation. This study not just helps instructors to track
cognitive activity of students in real-time but also provides
the opportunity to students to participate as well as adapt
instruction to enhance their academic achievement.

Each time learners respond with respective institutions
as well as university academia’s online educational envi-
ronments, individuals leave evidence. Learning analytics-
assisted evaluation explains how certain patterns can be
optimized to enhance learners, education, as well as an
effective system.

Educators can use a cognitive analytics-based evaluation
foundation for effective e-learning, and learners can use that
to improve overall academic performance. This data could
be used by professional educators to identify areas of im-
provement in virtual learning development. Instructors can
use the findings to create effective offline and online ini-
tiatives. This paradigm can be used by academic researchers
to determine information from the learning analytics



platform’s numerous evaluations. Integrating various per-
spectives would aid throughout the professional develop-
ment of teachers. One of the goals of the study is to motivate
the use of various Al and LA.

Techniques to inform learning and teaching in HEIs.
Past studies within the arena of AI and LA have assessed
students and provided feedback to students without
explaining the reasons behind the assessment process. Such
explanations will help students and instructors to syn-
chronize them in a data-driven approach. The main aim of
this approach is to answer, “why assess” and “role of
feedback” in increasing student’s outcomes and quality
education.

2. An Overview on Assessment and Its Types

Assessment is the process of gathering information and
intervening in that information using some criteria in order
to form a judgment. Both assessment and feedback are a
crucial part of the educational process—and their interface
with learning, teaching, and curriculum—has always
remained a significant element for getting successful
learning outcomes and improving student satisfaction.
There are a lot of survey studies revolving around assess-
ments which are about the nature of assessments, including
summative assessment and the formative assessment and the
impact on students learning performance, motivation, and
provide high-quality learning [6, 23, 24]. It is also seen that
there are numerous studies on peer, and self-assessment
arrived at the conclusion that peer, and self-assessment
promoted student success, their participation in course and
skills [25-28]. However, there is very modest elaboration in
how to design assessment practices and make reliable
judgments. In higher education environments, there is di-
versity in students’ bodies, therefore, demands an increased
need for inclusive assessment practices for enhancing stu-
dents learning outcomes. Some research work totally
neglected the pedagogical and cognitive elements while
designing curriculum and assessment. Student reviews re-
port examinees dissatisfaction with assessment and feedback
[29-31]. This study highlights the current research, mixed-
method (i.e., theoretical and practical) view on quality as-
sessment in HE as helpful in suggesting many strategies and
activities for an effective assessment environment that aids
all higher education stakeholders.

2.1. Summative Assessment. In summative assessment,
students are assessed at the end of the course module. It
sums up both the learning and teaching process and helps
the instructors in knowing what the students achieve
throughout the learning process. Grades, projects, term
papers, and standardized tests are mainly used to assess
students’ performance in the course. From the study
reviewed benefits to this method are as follows: (1) support
the instructor in avoiding errors; (2) increase their error
correction performance; (3) it provides reliable data (e.g.,
grades and mid-term marks) that can be used for ac-
countability purposes for all kinds of stakeholders (e.g.,
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learners, teachers, and administrators) in higher education
environment; and (4) helps in informing educational plan
(e.g., curriculum or funding departments) [32-34].

Traditionally researchers and HEIs focus on summative
assessment to measure the students learning outcomes after
a particular period of time without taking into account other
features of the learning process, and the judgments provided
to the students will not necessarily help them to improve
learning. The introduction of learning management systems
(LMS), massive open online courses (MOOCs), and other
e-learning technologies makes summative assessment ap-
proaches hard to detect students learning activities and
assess these activities [35-37].

2.2. Formative Assessment. Formative assessment happens
throughout the learning process. Formative assessment
helps in students’ learning process and enhances students
learning outcomes [38, 39]. Various critical teachers’ pre-
requisites—knowledge and skills, social factors, and psy-
chological factors—for formative assessment are found
useful for improving the quality of teaching and learning
[40, 41]. Reference [13] develops a model of formative as-
sessment enactment using the design-based approach of
science teachers. The model is framed to analyze teacher’s
own FA practices, with the aim of getting better formative
assessment strategies to achieve their purposes. Reference
[42] presented a case study of STEM students where for-
mative assessment strategy helps in decreasing dropout rates
and hence improves student’s performance. Results showed
that there is a tremendous increase in students’ performance
after introducing the formative assessment strategy. Refer-
ence [43] designs a formative assessment tool for students
where they improve their final grades by using automated
feedback which helps both students and teachers in im-
proving the learning process.

The benefits observed from the various surveys are as
follows: (1) improves students’ performance during learning,
(2) promotes students’ self-efficacy, (3) provides timely
feedback, (4) minimizes students drop out rates by moti-
vating them, (5) informs instruction provided by a teacher,
that is, a key to structured pedagogy, and (6) helps in de-
signing quality curriculum/course contents.

2.3. Self-Assessment. Self-assessment is growing as a crucial
learning and assessment strategy in the higher education
sector to improve the quality of students learning as inde-
pendent learners. Students can actively take part in their own
evaluation process. Hence, the involvement of students in
their own assessment process can increase their success rate
[43, 44]. It is widely reported in many reviews and empirical
studies that self-assessment can benefit academic achieve-
ment. It can be achieved through the activities such as self-
grading and self-regulated learning [45, 46]. Several and
similar studies [16, 47, 48], showed the connection between
self-assessment and self-regulated learning. The findings of
these studies clearly showed that there is a positive corre-
lation between self-assessment, self-regulated learning
(SRL), and self-efficacy strategies. However, there are a
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significant number of studies giving proof that uncovers and
reveals that self-assessment improves student’s motivation,
engagement, their outcomes in computer-based, mobile-
based, pen-paper based, and e-learning-based education
environment [49, 50].

2.4. Peer Assessment. Peer assessment has been gradually
researched and discussed as it improves students’ learning
self-sufficiency and boosts their confidence in learning
ability. A review of recent research [14] showed that the
online form of peer assessment is more common, as it acts as
an early intervention means by decreasing teacher’s intru-
sion than the traditional form of peer assessment. Most of
the peer assessment studies have been carried out to de-
termine the validity and reliability issues of peer grades, that
is, if the student’s assigned grade is equivalent to teachers’
grades [51, 52]. Further peer assessment frameworks such as
PRAISE (Peer Review Assignments Increase Student Ex-
perience), Peer Scholar, Peerwise, are also discussed by their
studies to give more support to the peer assessment process.
Oral presentation, portfolios, articles, test performances,
online discussions, quizzes, etc., are the most common
products observed during the survey that are assessed using
peer assessment approach [53, 54]. Mixed methods survey
has been conducted which shows positive and significant
relationship between teachers’ assessment and peer assess-
ment by using the scoring rubric to collect data for the study
[24]. A recent study [55] presented a meta-analysis that
studies the role of peer assessment in enhancing the aca-
demic performance of students and helps the instructor in
optimizing the use of teacher’s resources effectively. Nu-
merous benefits are observed such as (1) making the range
feedback wider and encourages students to reflect, (2) re-
duces marking load on teachers, and increases students’ self-
evaluation skills [17, 51], and (3) enhances students retention
rate through motivation and reflection of their own learning
[56].

3. Purpose of Assessment

Why assess? This question deals not only with the purposes
of assessment but also issues related to assessment while
supporting student success in higher education. This section
is attempted to look for answers to this question by exploring
the variety of researches and case studies. By exploring
[57-64], it is found that the main purpose of assessment is as
follows:
(i) Motivation of students
(ii) Feedback to students
(iii) Feedback to teachers
(iv) Measure students’ performance
(v) Measure students’ progress in the course
(vi) Curriculum/Course design
(vii) Diagnosis

(viil) Support student’s collaboration

For long it is considered that “feedback on learning” is
the main purpose of assessment; what about observing as-
sessment also as “feedback on teaching”? Instead of “ex-
amination,” the attention should be shifted toward
“examining,” consistent action of assessing learner’s dialog,
intelligence, and performance to inform teacher knowledge,
methods, and skills that help learners during the classroom
practice.

The issue the entire world is facing today is the COVID-
19 pandemic, which transforms educational teaching and
learning into online platforms. The higher educational
settings are shifting from traditional methods of examina-
tions to online assessment and feedback means that both the
instructor and the learners have to uproot themselves to new
means, formats, and contents of assessment and feedback.
Some of the reviews are explored with methodologies in-
cluding qualitative, quantitative, and mixed-method ap-
proaches regarding new assessment and feedback practices
in the current situation [19, 59, 65].

It is also observed that “content is the best motivator,”
that is, if a curriculum/course is designed to actively engage
learners through a variety of exploratory and analytical
methods, it would make the process of learning interactive
and more effective toward students’ success. Curriculum and
assessment work together cyclically and recursively to de-
liver learners and instructors with direction and focus [66].

The key purposes of assessment in the higher education
section are categorized in Figure 1. This section contributes
to the advancement to the future of researches as well as to
the current growing work of articles on assessment in higher
education.

4. Feedback and Its Purposes

Feedback is an essential part of the learning and teaching
process as it helps students to identify gaps, self-assess, and
act upon the provided insights, and inform instructors about
the effectiveness of their teaching strategies and how to
adjust these strategies according to student’s needs. After the
assessment process, feedback is provided to the higher ed-
ucation stakeholders to provide insights into students’
performance as well as their strengths and fragilities [67, 68].
From the reviewed articles and research papers, it is ob-
served that most of the papers focus on the instructor to
students’ feedback, but there are also some pieces of liter-
ature that focus on peer-to-student feedback. Currently,
with the online learning environment, automated feedback
is becoming an emerging focus area of research. Most ef-
fective and frequently observed feedback practices are
teacher feedback, self-feedback, peer feedback, automated/
computer-based feedback, and feedback modes are oral,
written, e-mail, audio, video, rubrics, and web-based. De-
spite such huge literature, feedback is poorly implied and
enacted by instructors and learners [67, 69]. The appropriate
best feedback is assured to be wasted if students do not use it
and implement it to enhance their performance actions. It is
observed that it is not that students are receiving poor or no
feedback, but they do not engage or recognize feedback
provided to them, regardless of its quality. An active student
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engagement with the feedback is necessary to support an
effective learning process. Also, Rossiter [70] put emphasis
on the fact that students need to look and recognize feedback
when it is available to improve learning.

Also, there is a little review on the type of feedback
and what type of feedback is best for what perspective in
HE. Studies show that the features of quality feedback in
higher education are important for all stakeholders.
Feedback quality indicators are used by stakeholders in
HE to encourage active student participation [71, 72]. In
studies, it is seen that effective peer feedback enhances
self-efficacy, metacognition, and academic achievement
in HE. References [73-75] discuss the effect of web-based
peer feedback. The findings show that effective peer
feedback enhances academic self-concept (ASC). Refer-
ence [76] discusses types of feedback, techniques used to
provide quality feedback, how adaptable the feedback is,
and the quality and effectiveness of the feedback ob-
tained. Findings showed that mostly automated feedback
for programming exercises has been used to identify
mistakes rather than fixing them.

Reference [77] adopted a socioecological approach for
understanding feedback practices. Their findings show
that time, scalability, and individual attitudes of staff and
students are the major challenges while providing feed-
back. The concept of feedback loops is discussed which
shows a trajectory of how students engage themselves in
the feedback process, reflect and make ongoing adjust-
ments during their learning process to enhance learning
strategies [78].

Opverall, the main reasons why effective feedback prac-
tices are necessary are the following:

(i) Enables self-regulation of learning
(ii) Increases student’s motivation

(iii) Increase students’ academic performance

(iv) Enhances student’s engagement in the course which
is a highly responsible factor in course completion
rates

(v) Addresses accountability issues

(vi) Provides valuable information to teachers so that
they can improve feedback practices, tasks, skills,
and assessment.

This section concluded with the indication that with the
current nature of educational research, there is a crucial
demand for research to inform instructors, learners, HEIs
the impact of feedback, and its purposes during the learning
process because the old theory of feedback as the trans-
mission of comments is being replaced in current pieces of
literature by new theories which encourage better collabo-
ration and dialogue between tutors and learners.

5. Assessment and Feedback Framework for
Enhancing Students Learning Outcomes

Over the years, various frameworks are proposed for
learning analytics. An early framework suggested by [79]
considers six dimensions of a LA: (1) stakeholders, (2) in-
ternal limitations (required competencies), (3) external
limitations (conventions, norms, and time scale), (4) in-
struments, (5) data, and (6) objectives. Also, the Learning
process [80, 81], for LA contains five main components:
(1) ability, (2) data, (3) culture and process, (4) governance
and infrastructure, and (5) overall readiness perception.
Moreover, other frameworks proposed for LA are the LALA
framework consisting of four dimensions: (1) institutional,
(2) technological, (3) ethical, and (4) community [82], Rapid
Outcome Mapping Approach (ROMA) [83], the SHEILA
Framework [84]. These frameworks help HEIs to identify
their strengths and weaknesses to enhance quality education.
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After reviewing the various presented frameworks for
LA (Learning Analytics), finally a learning and assessment
framework is designed. The proposed theoretical framework
is motivated by the potential and opportunities that different
types of assessment and feedback offered in an educational
environment to enhance learning outcomes (see Figure 2).
However, security and issues that occur during the assess-
ment process are still missing in the proposed theoretical
framework.

5.1. Who Is the Framework for? The framework is designed
for all types of stakeholders in the higher education envi-
ronment including teachers, students, HE administrators
like the dean’s head of departments, presidents, institutions,
and policymakers.

5.2. Areas of Focus. The proposed theoretical framework
highlights the four main focus areas from the findings that
can be used to support quality higher education.

5.2.1. Summative and Formative Assessment. The balance of
formative and summative assessment at the program level
with formative assessment systematically implemented
during learning and teaching can have a positive impact on
students learning as well as improve the quality of academic
standards. New methods and a variety of formative and
summative can promote students’ success (i.e., use tech-
nology-enhanced learning and innovative assessment
methods).

5.2.2. Self and Peer Assessment. Opportunities for self and
peer assessment within the learning and teaching envi-
ronment enhance student’s and teacher’s understanding and
trust in assessment strategies. Self and peer assessment

develops students as an independent learner and prepares
self-regulation and employability skills in them and support
collaborative learning concept.

5.2.3. E-Assessment. E-Assessment (or online assessment,
CBA (Computer-Based Assessment), CAA (Computer-
Assisted Assessment), and TEA (Technology-Enhanced
Assessment) uses information technology in the different
assessment process. It provides pedagogical support, grows
practical skills, increases retention rate, and provides a
flexible learning environment to learners by using e-as-
sessment methods (i.e., rubrics, portfolios, social and col-
laborative assessment are the most common methods
observed during findings). This is the reason why e-as-
sessment is the main focus area of learning analytics
research.

5.2.4. Feedback Practices. Feedback is a crucial component
for helping students to attain desired learning outcomes. It is
important not only for knowledge acquisition but also for
learner motivation and satisfaction. With the empowerment
in technology, timely and effective feedback is provided by
teachers to achieve greater learning. Through the studies, it is
noted that negative feedback discourages the effort and
achievement of learners, so it should be carefully crafted and
delivered. A set of principles (i.e., timely, transparent, on-
going and consistent, constructive, and meaningful) for
effective feedback can be valuable for learning and teaching.

5.3. Impacts. Assessment analytics and feedback framework
have individually and collectively had an impact upon
student success in higher education by influencing the
following:

(i) Quality of learning: the knowledge, skills, and
problem-solving capacities of an individual in
higher education

(ii) Quality of teaching: the quality design, delivery of
teaching, use of technology-enhanced techniques
for teaching as essential to the enrichment of any
discipline

(iii) Curriculum design: the outline, design, content,
interactive activities, and delivery of the curriculum

(iv) Pedagogy: the most effective methods of content
delivery according to the needs of learners

(v) Engagement level of students: the degree of at-
tention, interest, passion, and progress in the course

(vi) Motivation: the reinforcement to achieve high
performance and success in the course

(vii) Student retention and progression: the academic
success of students or completion rate of a course
and students who progress from one academic level
to the next level

5.4. How This Framework Can Be Used? This framework can
discuss the four main focus points and the various impacts of



assessment and feedback in the wheel design provide a
structure to shape assessment and feedback practices at the
institutional level, department level, and individual level in
the higher education system. It can be used to inform higher
education institutions to develop strong assessment and
feedback strategies and practices for student success and
curriculum improvement.

6. How Learning Analytics (LA) Inform
Assessment as Learning Unfolds

This section collects and summarizes the shreds of evidence
on the usage of LA to inform the assessment process (see
Table 1). It is tried to identify how learning analytics helps
HEIs in the assessment process while learning is going on.
Empirical research and case studies are gathered, and the
main aspects of these studies are classified including their
focus, data collection methods, approaches, and key out-
comes [96, 97].

The existing methods of LA and EDM with a problem
statement, performance metrics, and future scope are
depicted in Table 2.

The results of recent studies showed that learning an-
alytics can provide an accurate understanding of the learning
process. The results illustrate the usage and implementation
of learning analytics in the assessment process. Learning
analytics helps institutions during formative, summative,
peer, and self-assessment processes by utilizing available
data efficiently and effectively in decision-making, can
simplify the assessment of the usefulness of pedagogies and
instructional designs for upgrading, and assist to monitor
carefully students’ learning process and purpose, detect
undesirable learning behaviors and emotional states and
monitors students learning to provide ongoing to students.

The existing literature on learning analytics and as-
sessment discussed in this section has focused mainly on the
current year’s researches, despite being increasingly adopted
in the higher education field. The findings of this section
support HEIs (both in online and distance educational
process) to keep abreast of this emerging area and have a
base for further exploration of EDM and LA field.

7. Impact of Assessment and Feedback on
Students’ Outcomes

Existing literature in higher education provides information
on frameworks, case studies, researches, and ideas on as-
sessment and feedback. In this section, a mixed-method
approach is used to show the impact of assessment and
feedback on student outcomes. Performance feature is re-
lated to students’ effort, achievements, the amount and
quality of education, skills, abilities, and outcomes during
the learning process. The relationship between the assess-
ment practices, feedback, and student performance has been
explored in numerous researches and case studies with the
results viewing higher performance and deeper learning.
Recently, in [118], semantic-aware technique is proposed to
provide personalized feedback to learners. The advantages of
the proposed technique are that it is applicable to several
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real-world problems and is scalable in nature. It is also
observed that the delivery mode of assessment also has a
great impact on students’ performance. Also, [119] inves-
tigated the outcomes of feedback on quality performance in
math web-based practice tests. Results showed that imme-
diate feedback gives better result in improving students’
outcomes than the delayed feedback. Moreover, [120]
showed that the students experienced greater academic
improvement and a positive impact on their learning cor-
related with active learning pedagogy by implementing
regression and Propensity Score Matching (PSM) tech-
niques. Recently, [121] studies the “self-assessment” impact
on student’s performance via rubrics techniques. Results
showed that the quality of students and learning perfor-
mance are highly correlated.

Engagement is strongly related to teaching effectiveness
and directly affects the students learning outcomes. From
the research studies, it is noted that student’s engagement in
the course is directly correlated to course satisfaction and
achievement of course learning objectives. Assessment and
timely feedback are observed to be the key to unlocking
student’s engagement in the course. Reference [6] studies the
impact of assessment on student’s engagement in VLE
(Virtual Learning Environment) using the “one-way analysis
of variance” (ANOVA) method and by “Tukey’s honestly
significant difference” (HSD) posthoc test. The result shows
that continuous e-assessment increases students’ engage-
ment during their learning process. Gamification is be-
coming a popular and innovative way to support both
instructor and learner in the educational field with learning
or behavioral challenges. Currently, [122, 123] studied
gamified e-quiz exercises in a formative assessment context.
In this study, four different types of learning engagement
(behavioral, emotional, cognitive, and agentic) are discussed
for performing the assessment. Spearman’s nonparametric
correlation is used by them to determine the associations
between the gamified e-quizzes and paper-based quizzes
scores. Cognitive engagement involves the internal thought
processes involved in a student’s course. Reference [124]
discussed the usefulness and effectiveness of detailed feed-
back in the online CDA (Cognitive Diagnostic Assessment).
Their research results showed that detailed feedback helps in
enhancing student’s achievement and engagement in the
learning process. Reference [125] investigated the impact of
assessment design on student’s engagement, satisfaction,
and passing rates in a course. Findings indicated that en-
gagement, satisfaction, and pass rates of students in the
learning environment are not just greatly influenced by
learning design but are especially manipulated by how in-
structors stabilize their learning design activities in the
course modules on weekly basis. Their study also supports
visualizations to enhance the quantitative evaluation of these
learning and assessment designs.

Motivation can be accomplished through appropriate
assessment and feedback practices and conditions. There
are numerous studies that showed the effect of assessment
and feedback practices on student’s motivation. The
impact of different types of assessment and assessment
modes on student’s motivation are investigated. Studies
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TaBLE 1: Researches and case studies reviewed to summarize the use of learning analytics to inform assessment as learning unfolds.

Focus on the type of

S.no How data are collected

Methods/approaches applied

Key outcomes

assessment
Support personalized and adaptive
1. E-assessment [85]. E-learning environment Rule-based fuzzy reasoner learning environment, and support
pedagogical approaches
Academic marks of students in Decision trees
Automated face-to-face learning (years Naive Bayes Automated feedback increases the
2. 2013-2019) and online ANN involvement of both instructors and
assessment [86] . o ;i . . .
questionnaire in the academic year students in the learning environment
SVM
2018-2019
Computer-based . . .
3 assessment and Collect data from the computer- Inductive data-grounded Help teachers to improve their
' feedback [87] based environment approach instruction
Formative . . Provide actionable recommendations
4 Learning management system Data-driven approach

assessment [88]

and support self-regulated learning

Assess collaborative

Improves students’ performance when
monitored using learning analytics and

5 . Asynchronous online discussion Design-based approach reduction in the drop out is observed
learning [89] .
based on the feedback sent in
classrooms
. Anomaly detection Reduced cheating without negotiating
6 Formative MOOC learner’s engagement in formative
assessment [90] Method 838
assessment
_ . . Describe a web-based system (BASS) to
Statistical analytic technique . .
. . . . . purpose, increase, and deliver
Formative Intelligent learning environment and item response models
8. o . . . assessment and feedback; helps to
assessment [91] (ILE); wiki environment (IRT), i.e., RASCH model is . . .
used diagnose students, instructional needs
a cognitive ability
Big data environment; social MapReduce-based genetic
9. E-assessment [92] networking sites such as Twitter e Redu;li(;zl;gnslNA socia Improve the quraitZSSof the learning
Facebook, Google, and LinkedIn P . P
networks analysis)
. . . Competence-based learning
. V1§ual learning analytlcs. environment (COBLE): helps to detect
. Collected data from different techniques (zar bar charts, line . .
Assess blending students anomalies and deliver
10. . sources such as moodle, and charts, radar charts, fiddle .
learning [93] . satisfactory feedback to resolve them;
personal spreadsheets charts, or box-and-whisker :
Jots) also monitors students and supports
P teacher reflection
MCQs and subjective types Helps to identify learner’s knowledge
11.  E-assessment [94] questions from an e-learning NLP (natural language about the course and detects the

environment

ing) techni s 1
processing) techniques cognitive ability of the learners

Formative and
13. summative
assessment [33]

Data collected from R commands
in the form of short comments

Enhances both enactment, features,
and quality of formative and
summative assessment processes which
further improve the learning outcomes

NLP (natural language
processing)

F ti . .

ormative Data form STEM disciplines (like
assessment and

summative

assessment [95] (like logs or databases)

DBR (design-based research)
14. MCQs, fill in the blanks) and VLE and MAB (multiarmed bandit)

Learning design-analytic (LDA) model
proposed to: mitigate the learning
barriers such as learning
consciousness, learning process
tracing, educational intervention, and
learning motivation

based algorithms

showed that self-assessment improves student motiva-
tion. Reference [49] presented a study that shows the
impact of assessment on students’ motivation and
achievement during the learning process. It is observed
that feedback is mainly discussed in the context of for-
mative assessment, but now it is gradually considered in

the light of self-regulated learning, self-assessment, and
peer assessment. Reference [59] conducted research
during COVID-19 lockdown and showed how students’
motivation is extremely correlated with students’ self-
assessment. They design a self-assessment dashboard that
displays a set of activities for students to be performed.
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TaBLE 2: Comparison of various existing techniques of LA/EDM.

Performance

Author’s name Methods name Problem/gaps .
metrics

Future scope

Conventional learning-based Standard data management

V%Id.Ya and educational data mining and Implemented only on computer- — schema will be used for
Saini [98] . . based systems .
learning analytics gathering the data
. - . L Social waves  Advance learning techniques
Ranjeeth et al. Association, clustering, Data gathering issues will be implemented to resolve
[99] statistical methods Data security issues Statistics P

the data security issues

Need to gather more diverse and Brain wave analytics will be
Xiao et al. [100] Mobile learning-based system gaer — implemented to handle diverse
objective data data

Moodle VLE will be

Distante et al. MILA learning analytics- implemented for the

Limited to only some visualizations —

[101] based model improvement of learning and
teaching process
Valenzuela Thematic-based analysis . Eclectic r.nethodology . will be
Inefficient volume of data — applied for learning
et al. [102] approach
enhancement
Javidi et al. Induction rule-based Privacy and security issues - Inefficiency of data will be
[103] algorithm Y Y reduced
Costa et al. EDM and learning analytics Risk of students data misuse — Framework will .be enhanced to
[104] make real-time system
Jamila et al Artificial neural network Deep learning-based methods
[105] ’ based learning analytic The network’s duration is unclear — will be implemented for efficient
system outcomes
To perform the classification of Mumford and honey learning
Krikun [106] Five-stage framework individuals who received additional — models will be used for better
course profiling is difficult to classify results
Surenthiran Deep belief—neural network Limited dataset Accuracy Optimization technique will be
et al. [107] P High computational time Error rate enhanced for efficient results
Hussain et al.  Deep learning base regression , L More data will be gathered for
[108] analysis methodology The networlcs duration is unclear Accuracy training of the model
Huang et al. ANN and SVM-based Lo Accgr?cy Multiple class classification will
. Data argumentation issues Precision .
[109] algorithm be implemented
Recall
Tsiakmaki et al Optimization technique will be
[110] ’ Fuzzy-based system Poor results of feature extraction Accuracy implemented for further
enhancement
Latrellis et al. Two phase-based machine Limited dataset ReFa.ll Clgsterlng techniques will be
. . . . Precision implemented for further
[111] learning system High computational time .
Accuracy improvement
Bujang et al. Machine learning-based Low accurac F-measure Over fitting issues will be
[112] multiple class prediction Y resolved
F1-score
Bhutto et al. Supervised learning-based . Precision Hybrid features will be extracted
[113] algorithm Need to extract hidden knowledge Recall for efficient results
Accuracy
Accuracy .
. Fusion attention based-deep . AUC Neural network will b.e
Liu et al. [114] Poor results of feature extraction enhanced for more efficient
knowledge system RMSE results
MAE
SEPM (sequential Mean square More demographic attributes
Song et al. based academi error b df
[115] engagement based academic Low accuracy F1 score will be extracted for more
performance model) accurate outcomes
Recall accuracy
Fotso et al. . . . . More data will be collected for
[116] Deep learning-based model High computational time Accuracy training of the model
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TaBLE 2: Continued.

, Perf
Author’s name Methods name Problem/gaps eriormance Future scope
metrics
Precision
. . A imizati hni ill
Jain and Gradient-based extreme . ceuracy Op t'lmIZatIOIl technique will be
. . e Need to use behavioral parameters Recall implemented for further
Solanki [117] boosting classification . .
Execution time enhancement
F-measure

Currently, with the rapid evolution of online learning
environments and social network sites, such as Facebook,
Twitter, Instagram, and LinkedIn, students demand more
independence or personalization in their personal learning
environment and enhancing their pedagogical interactions
led to more focus on assessment and feedback practices.
Reference [126] explored the use of Facebook for peer as-
sessment and the effect of peer feedback on students’
learning process in the higher education context. It is
concluded that students’ motivational level is increasing, and
they came to know about their strengths and weaknesses in
their learning process. Online peer assessment assists stu-
dents to correct their deficiencies and modify them
according to the feedback provided.

Many types of research implied that students who are
having strong SRL (Self-Regulated Learning) skills are more
probable to be successful in e-learning or online learning [127].
Actually, SRL is dependent on self-assessment—via self-mon-
itoring and self-evaluation—to assist the student during the
learning process. Reference [47] explores the role of self-as-
sessment in supporting Self-Regulated Learning (SRL) and self-
efficacy. In their meta-analysis process, they included four
variables that affect SRL and self-efficacy: gender, age, types of
self-assessment practices, and the agent who implements the
assessment (i.e., the instructor or the researcher). The results of
their findings showed that self-assessment interventions have a
direct and positive relationship with students’ SRL strategies. In
addition, formative assessment and feedback provide strong
facts of improvement and stimulating students’ reflections skills.
Reference [128] discussed the impact of formative assessment
on instructor’s knowledge to support students’ reflection skills.
Also, a discussion on the role of quality feedback for improving
the learning outcomes in the context of the self-regulated
learning concept is done. Reference [129] discusses the role of
good feedback practices in the learning process and how it
enhances students’ performance, provides opportunities to
instructors to improve learning methodologies and removes
students’ course difficulties. Currently, researches that show
positive associations between personalized feedback with stu-
dents’ learning strategies together with time management
strategies—the most essential aspects of SRL, are becoming
popular. In a recent study [130], personalized feedback messages
are provided to students based on their engagement and per-
formance on the formative assessments. The feedback offered to
students helps them in evaluating their knowledge about their
academic outcomes and advises them on how to upgrade on
that result. The findings show that personalized feedback in-
forms students about the gap between their current achieved
performance and desired performance.

Assessment and feedback approaches help students and
teachers to provide pedagogical benefits. Numerous recent
studies aimed to pay attention and more focused on the
concept of the role of assessment and feedback in improving
pedagogy in the HE environment. Reference [90] develops
and validates MOOC assessment models that support
learner-centered pedagogy, without sacrificing the reliability
of the assessment for certification. The findings of the study
show positive results, support pedagogy, and motivate
learning by decreasing the amount of cheating. Recently, the
concept of competency-based assessment has experienced
an essential development in the education field. Compe-
tency-based assessment act as a diagnostic, remediation, and
improvement key to helping learners in improving their
skills. Reference [131] proposed an innovative assessment
approach by offering pedagogical situations to enhance and
remove shortcomings in each learners’ skills (such as reason,
analyze, realize, validate, and communicate). Artificial in-
telligence technology is used in its approach to monitor the
performance of each student during the entire learning
process. Not only to students, but their intelligent system
also helps and supports teachers in making better decisions.
Moreover, Dietrich et al. [132] discuss different kinds of
formative assessment methods for making improvements to
pedagogical implements consisting of visualization features,
and also, they examine the impact of the feedback practices
on both the visualizations along with teaching exercise.

Curriculum/course design is of the key importance in the
learning process. A clear and concise course design is fun-
damental to effective student learning. There are a variety of
researches and case studies that showed designing a curric-
ulum that focuses on enhancing student learning. In such an
education crisis, do the instructors have enough and adequate
skills to design, strategize, and deliver online instructions? So
instructors have to take hold of new roles of designing course
modules, tasks, assignments, content presentation, assess-
ments timely feedback using various different tools. Recently,
Looi et al. [133] provide a mixture of the roles of the teacher in
online learning tasks. From their findings, it is observed that
online learning provides openings as well as limitations for
teachers from being deliverers of the educational curriculum
to being designers of learning tasks, in addition, provides
instructional designs for interactive technologies. The in-
structor has to select the high-quality, finest content of the
curriculum/course that well matches the students’ level of skill
and knowledge. They also discuss some challenges and op-
portunities for the teacher’s growth. A well-designed curric-
ulum confirms proper academic and professional
development. To improve higher education quality and more
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TaBLE 3: Researches and case studies showing the impact of assessment and feedback on student outcomes.
S.No Authors Impact on students’ outcomes
1 Marin et al. [118] Helps in increasing students’ self-reflection
2 Attali and van der Kleij [119] Students performed better with immediate and timely feedback provided to them during learning
3 Crimmins and Midkiff [120] Improves students leaning pedagogy and final course grades

Vasileiadou and , .
4 Karadimitriou [121] After self-assessment student’s performance increases
5 Holmes [6] Increases student’s engagement with the course modules; helps in curriculum design effectively
6 Zainuddin et al. [122] Increases student’s pedagogy and engage students more in the course
7 Park et al. [123] Supports collaborative learning; helps in improving socioemotional engagement during learning

process
8 Chin et al. [124] Detailed feedback enhances student’s achievement
9 Nguyen et al. [125] Assessment enhances students’ engagement, satisfaction,, and decreases dropout rate
10 Nikou and Economides [49] Positive effect is observed on students learning motivation and achievement
11 Papamitsiou et al. [59] Support learner’s motivation and interest in learning, support self-regulated learning
12 Demir [126] Promotes students’ interest in learning process; improves learner performance and self-reliance
13 Broadbent [127] Supports self-regulated learning which directly increases students’ academic grades
14 Panadero et al. [47] Promotes students’ use of learning strategies; supports self-motivation and self-efficacy
15 Tigelaar and Sins [128] Support students’ reflection skills; help the teachers in intending quality feedback
16 Ott et al. [129] Feedback interventions guides students during their learning process and improves their learning
outcomes
17 Lim et al. [130] Promotes students self-regulated learning; promotes students effective engagement
18 Alexandron et al. [90] Supports learner-centered pedagogy; motivates students to engage more in the course
19 Diyer et al. [131] Helps in-time management tac.tics during the course; helps instrucjcors in promoting learning
strategies for better outcomes during learning
20 Dietrich et al. [132] Helps learners to upgrade their self-pedagogy; helps instructors in refining instructional strategies
and course contents
. Supports student’s motivation, relationships, and their well-being; promotes instructors’ skills in
21 Looi et al. [133] .. . . . . L
delivering instruction; helps in modifying curriculum and course designing

22 Islam [134] Helps in designing curriculum to support high-quality education
23 Yan and Lin [95] Scales up personalized and adaptive learning; improves absence of self-awareness of learning

employment graduates, designing and implementing a good
curriculum is desirable. Reference [134] examines several
aspects of the curriculum by using the feedback data from
stakeholders. They analyze the stakeholders’ responses on
assessment need, curriculum design, curriculum assessment
process, curriculum arrangement, curriculum gaps, the sat-
isfaction of organizations’ expectancies, and remarks of the
stakeholders on the curriculum improvement plan. From their
examination, a strong connection is achieved between cur-
riculum and educational quality improvement. Reference [95]
designs a “Learning Design-Analytic” (LDA) model that helps
in recommending strategies to online educators for course
designing. Thus, by implementing formative assessment, in-
time and immediate feedback to struggling students they
detect anomalies in the learning contents of the course.

Summary of researches and case studies that shows the
impact of assessment and feedback on student outcomes are
in Table 3.

8. Comparative Performance Analysis

The comparative analysis of various artificial intelligence,
machine learning, and learning analytics techniques for
assessing and providing quality and intelligent feedback to
learners is discussed in this section using accuracy rate,
precision, recall rate, and F1-score as performance metrics.
For comparative analysis Improved Fully Connected

Comparison analysis between various existing
methods: Accuracy Rate (%)
86 . . . . . .
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80
78

76 : : e
74 : : -.|m
72 : : - L
70 , , I B , ,
68 : : i B : :
66 : : i B : :
64

I-FCN ANN XGBoost SVM Random Decision
Forest Trees

m Accuracy (%)

FIGURE 3: Accuracy rate of I-FCN and existing techniques.

Network (I-FCN) [135], Artificial Neural Network (ANN),
XG Boost, Support Vector Machine (SVM), Random Forest,
and Decision Trees are selected from the literature reviewed
[136-138]. The comparative analysis is done using Open
University Learning Analytics (OULAD) dataset. In this
dataset, 32,592 students enrolled in 22 different module-
presentations. It also contains students’ academic record,
their demographic record, assessment information, their
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FIGURE 4: Precision of I-FCN and existing techniques.

Comparison analysis between various existing
methods: Recall rate (%)
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FIGURE 5: Recall rate of I-FCN and existing techniques.

Comparison analysis between various existing
methods: F1-score (%)
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FIGURE 6: F1-score of I-FCN and existing techniques.

scores in the modules, and their interaction with Virtual
Learning Environment (VLE). The dataset contains a set of
seven tables (courses, studentInfo, student_registration,
assessments, studentAssessments, vle, student_vle). The
model run on python using Jupyter notebook.

It is observed from Figure 3 that I-FCN shows highest
performance of 84%, followed by ANN with 78%. Decision
tree has the worst performer in terms of accuracy rate, that
is, 71.37%. Figure 4 depicts that I-FCN is most precise in
assessing and providing feedback to students. The precision
value of I-FCN is 0.93. Random forest and Decision have the
least value of precision, that is, 0.55. Recall value of all the
techniques is shown in Figure 5, and it is observed that
I-FCN has highest value, that is, 0.88. Recall value for
Random forest technique is least, that is, 0.49. Fl-score
recorded for I-FCN is 91% which is highest among all
techniques, followed by ANN with 76% as shown in
Figure 6.

9. Conclusion, Limitations, and Future Work

The current study aimed to explore the impact of assessment
and feedback on students’ outcomes and performance in the
higher education system. We have found positive results of
various assessment and feedback practices that can enhance
the students’ learning experience and outcomes. Further-
more, learning analytics will make it possible for higher
education to support the learning environment, at different
levels, for all the stakeholders with technical innovations and
in the COVID-19 pandemic. The theoretical assessment
analytics and feedback framework provided in this study has
been a useful resource for all stakeholders in higher edu-
cation and it is expected that this framework will provide
something of value for future researchers. However, security
and issues that occur during the assessment process are still
missing in the proposed theoretical framework. The
framework addresses seven strategic areas of priority, which
Advance HE believes are key for change, is discussed. All
seven are directed toward assessment analytics; at the
center—for the achievement and enhancement of student
success.

The analysis is performed on the OULAD dataset. The
results showed that the best technique is I-FCN that
outperforms many artificial intelligences, machine
learning, and learning analytics techniques for assessing
and providing quality and intelligent feedback to
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learners. The results are demonstrated in terms of using
accuracy rate, precision, recall rate, and F1-score. I-FCN
shows highest performance at 84%, while decision tree
has the worst performer, that is, 55% in terms of accuracy
rate. Moreover, I-FCN is most precise, that is, 93% in
assessing and providing feedback to students, whereas
SVM is least precise with a value 46%. Recall value of
I-FCN has highest value and worst for XGBoost tech-
nique. Fl-score recorded for I-FCN is 91% which is
highest among all techniques, followed by ANN with
76%, least value of F1-score recorded is for XGBoost.

It is hoped that the present study and the proposed
framework will be useful for researchers and all higher
education stakeholders, as assessment and quality feedback
is the necessity of today’s educational implication especially
in the COVID-19 pandemic for productive learning.

The study is not exempted from the limitations. A little
research-based development in how to design assessment and
reliable feedback is discussed in the study. There is a needed to
know more about how different methods are applied to carry
out assessment and feedback practices. Features of assessment
like validity and reliability are completely missing in the study to
ensure students’ achievement of the learning objectives. More
research-based knowledge is needed to identify factors to create
lifelong learning conditions for designing assessment practices
and feedback processes. Specifically, based on the researches
and case studies presented in this study, future research should
study the impact of assessment and feedback practices on
gender, culture, and age factors of students and the influence of
these factors on lifelong learning. Moreover, the connection
between students’ cognitive skills (emotions, behavior) and the
learning process: connections between positive emotions and
improved learning, especially during online learning and
teaching methods need to be explored further. This area of
research can enlighten studies on the impact of various as-
sessment methods on student cognitive skills such as emotions,
motivation, self-awareness in OLC (Online Learning Com-
munity). A new technology AGI (Artificial General Intelligence)
can be very powerful in the application of this area. Also,
educational games and gamification techniques will be looking
forward to enhancing and supporting lifelong learners beyond
the walls of the classroom. Further, it is noted earlier, if the
teaching process is limited and controlled, student assessment
quality will also be limited. So teachers need a strong and
persuasive strategy to setting up learning situations and
responding to student learning needs. All assessment types
require greater transparency in all forms of teaching and
learning and are also entirely iterative. The approaches provided
in this work are ideal for researchers who are interested to
explore the route of teaching and learning in a normal class-
room and online classroom settings. Researchers may also pull
upon research to further construct the new and emerging
technologies, for assessment and capturing students’ feedback in
online learning systems.

Data Availability

The data used to support the findings of this study are
available from the corresponding author upon request.

Mathematical Problems in Engineering

Conflicts of Interest

The authors declare that there are no conflicts of interest
regarding the publication of this paper.

References

[1] S.Lynam and M. Cachia, “Students’ perceptions of the role of
assessments at higher education,” Assessment & Evaluation
in Higher Education, vol. 43, no. 2, pp. 223-234, 2018.

[2] A.M. A.-T. Umar and A. Majeed, “The impact of assessment
for learning on students’ achievement in English for specific
purposes A case study of pre-medical students at khartoum
university: Sudan,” English Language Teaching, vol. 11, no. 2,
pp. 15-25, 2018.

[3] D. Pereira, M. A. Flores, and L. Niklasson, “Assessment
revisited: a review of research inAssessment and evaluation
in higher education,” Assessment & Evaluation in Higher
Education, vol. 41, no. 7, pp. 1008-1032, 2016.

[4] A.V.L.N. Sujith, G. S. Sajja, V. Mahalakshmi, S. Nuhmani,

and B. Prasanalakshmi, “Systematic review of smart health

monitoring using deep learning and Artificial intelligence,”

Neuroscience Informatics, vol. 2, no. 3, Article ID 100028,

2022.

Y. Zhang, X. Kou, Z. Song, Y. Fan, M. Usman, and V. Jagota,

“Research on logistics management layout optimization and

real-time application based on nonlinear programming,”

Nonlinear Engineering, vol. 10, no. 1, pp. 526-534, 2021.

[6] N. Holmes, “Engaging with assessment: increasing student
engagement through continuous assessment,” Active
Learning in Higher Education, vol. 19, no. 1, pp. 23-34, 2018.

[7] U.Igbal, “Dynamic access control in wireless sensor networks,”
in Proceedings of the 2017 4th International Conference on
Advanced Computing and Communication Systems (ICACCS),
pp- 1-3, IEEE, Coimbatore, India, January 2017.

[8] K. A. Tan, “Framework for Assessment for Learning: Im-
plications for Feedback Practices within and beyond the
Gap,” International Scholarly Research Notices, vol. 2013,
Article ID 640609, 6 pages, 2013.

[9] C. K. Y. Chan and J. Luo, “Towards an inclusive student
partnership: rethinking mentors™ disposition and holistic
competency development in near-peer mentoring,” Teaching
in Higher Education, pp. 1-18, 2020.

[10] C. Wyatt-Smith, V. Klenowski, and P. Colbert, “Assessment
understood as enabling,” in Designing Assessment for Quality
Learning, The Enabling Power of Assessment, pp. 1-20,
Springer, Dordrecht, Netherland, 2014.

[11] J. Bhola, M. Shabaz, G. Dhiman, S. Vimal, P. Subbulakshmi,
and S. K. Soni, “Performance evaluation of multilayer
clustering network using distributed energy efficient clus-
tering with enhanced threshold protocol,” Wireless Personal
Communications, pp. 1-15, 2021.

[12] T. K. Lohani, M. T. Ayana, A. K. Mohammed, M. Shabaz,
G. Dhiman, and V. Jagota, “A comprehensive approach of
hydrological issues related to ground water using GIS in the
Hindu holy city of Gaya, India,” World Journal of Engi-
neering, vol. 6, 2021.

[13] V. Dini, H. Sevian, K. Caushi, and R. P. Ordufa, “Char-
acterizing the formative assessment enactment of experi-
enced science teachers,” Science Education, vol. 104, no. 2,
pp. 290-325, 2020.

[14] B. Shen, B. Bai, and W. Xue, “The effects of peer assessment
on learner autonomy: an empirical study in a Chinese college

[5



Mathematical Problems in Engineering

(15

(16]

[17

(18]

(19]

(21]

(22]

(23]

(24

—
[\
9]

[}

(28]

(29]

English writing class,” Studies In Educational Evaluation,
vol. 64, Article ID 100821, 2020.

A. K. Al-Khalifa and M. Devlin, “Evaluating a peer assess-
ment approach in introductory programming courses,” in
Proceedings of the United Kingdom & Ireland Computing
Education Research Conference, pp. 51-58, Glasgow, UK,
September 2020.

M. Cukusié, Z. Garata, and M. Jadri¢, “Online self-assess-
ment and students’ success in higher education institutions,”
Computers & Education, vol. 72, pp. 100-109, 2014.

P. Ratta, A. Kaur, S. Sharma, M. Shabaz, and G. Dhiman,
“Application of blockchain and internet of things in
healthcare and medical sector: applications, challenges, and
future perspectives,” Journal of Food Quality, vol. 2021,
Article ID 7608296, 20 pages, 2021.

G. S. Sriram, “Challenges of cloud compute load balancing
algorithms. International research,” Journal of Moderniza-
tion in Engineering Technology and Science, vol. 4, no. 1,
pp. 1186-1190, 2022.

F. J. Garcia-Penalvo, A. Corell, V. Abella-Garcia, and
M. Grande-de-Prado, “Recommendations for mandatory
online assessment in higher education during the COVID-19
pandemic,” in Radical Solutions for Education in a Crisis
Context, pp. 85-98, Springer, Singapore, 2021.

G. Giray, “An assessment of student satisfaction with
e-learning: an empirical study with computer and software
engineering undergraduate students in Turkey under pan-
demic conditions,” Education and Information Technologies,
vol. 26, pp. 1-23, 2021.

D. Thakur, J. Singh, G. Dhiman, M. Shabaz, and T. SGera,
“Identifying major research areas and minor research themes
of android malware analysis and detection field using LSA,”
Complexity, vol. 2021, Article ID 4551067, 28 pages, 2021.
I. Ummer and S. Shafi, “Formally validated authentication
protocols for WSN,” in Advances in Big Data and Cloud
Computing, pp. 423-432, Springer, Singapore, 2019.

S.F. Leung, E. Mok, and D. Wong, “The impact of assessment
methods on the learning of nursing students,” Nurse Edu-
cation Today, vol. 28, no. 6, pp. 711-719, 2008.

R. Sharma, A. Jain, N. Gupta, S. Garg, M. Batta, and S. Dhir,
“Impact of self-assessment by students on their learning,”
International Journal of Applied and Basic Medical Research,
vol. 6, no. 3, p. 226, 2016.

S. Saralch, V. Jagota, D. Pathak, and V. Singh, “Response
surface methodology-based analysis of the impact of
nanoclay addition on the wear resistance of polypropylene,”
The European Physical Journal - Applied Physics, vol. 86,
pp- 1-13, Article ID 10401, 2019.

G. Izgar and A. O. Akturk, “A mixed method research on
peer assessment,” International Journal of Evaluation and
Research in Education, vol. 7, no. 2, pp. 118-126, 2018.

M. S. Ibarra-Sdiz, G. Rodriguez-Gémez, and D. Boud,
“Developing student competence through peer assessment:
the role of feedback, self-regulation and evaluative judge-
ment,” Higher Education, vol. 80, pp. 1-20, 2020.

A. Ndoye, “Peer/self-assessment and student learning,” In-
ternational Journal of Teaching and Learning in Higher
Education, vol. 29, no. 2, pp. 255-269, 2017.

“Office for Students. Updating the NSS,” 2020, https://www.
officeforstudents.org.uk/advice-and-guidance/student-infor
mation-and-data/national-student-survey-nss/updating-the-
nss.

(30]

(31]

(32]

(33]

(34]

[35]

[36]

(37]

(38]

(39]

(40]

(41]

(42]

(43]

(44]

[45]

15

Advance HE, “PTES: Postgraduate Taught Experience Survey,”
2019, https://www.heacademy.ac.uk/institutions/surveys/postgr
aduate-taught-experience-survey.

V. Jagota and R. K. Sharma, “Interpreting H13 steel wear
behavior for austenitizing temperature, tempering time and
temperature,” Journal of the Brazilian Society of Mechanical
Sciences and Engineering, vol. 40, pp. 1-12, 2018.

C. Ozan and R. Y. Kincal, “The effects of formative assess-
ment on academic achievement, attitudes toward the lesson,
and self-regulation skills,” Educational Sciences: Theory and
Practice, vol. 18, no. 1, 2018.

P. Vittorini, S. Menini, and S. Tonelli, “An Al-based system
for formative and summative assessment in data science
courses,” International Journal of Artificial Intelligence in
Education, vol. 31, pp. 1-27, 2020.

M. Yang, P. Kumar, J. Bhola, and M. Shabaz, “Development
of image recognition software based on artificial intelligence
algorithm for the efficient sorting of apple fruit,” Interna-
tional Journal of System Assurance Engineering and Man-
agement, 2021.

A. Barana, A. Conte, C. Fissore, M. Marchisio, and
S. Rabellino, “Learning analytics to improve formative as-
sessment strategies,” Journal of E-Learning and Knowledge
Society, vol. 15, no. 3, 2019.

D. Gasevic, J. Jovanovic, A. Pardo, and S. Dawson,
“Detecting learning strategies with analytics: links with self-
reported measures and academic performance,” Journal of
Learning Analytics, vol. 4, no. 2, pp. 113-128, 2017.

D. M. Perera-Diltz and J. L. Moe, “Formative and summative
assessment in online education,” Journal of Research in
Innovative Teaching, vol. 7, no. 1, 2014.

F. M. V. D. Kleij, J. A. Vermeulen, K. Schildkamp, and
T. J. H. M. Eggen, “Integrating data-based decision making,
assessment for learning and diagnostic testing in formative
assessment,” Assessment in Education: Principles, Policy &
Practice, vol. 22, no. 3, pp. 324-343, 2015.

Z. G. Baleni, “Online formative assessment in higher edu-
cation: its pros and cons,” Electronic Journal of E-Learning,
vol. 13, no. 4, pp. 228-236, 2015.

K. Schildkamp, F. M. V. D. Kleij, M. C. Heitink,
W. B. Kippers, and B. P. Veldkamp, “Formative assessment: a
systematic review of critical teacher prerequisites for class-
room practice,” International Journal of Educational Re-
search, vol. 103, Article ID 101602, 2020.

M. Zarqtouni, A. Haddi, and H. Allali, “Use of formative
assessment to improve the online teaching materials content
quality,” in Proceedings of the 13th International Conference
on Intelligent Systems: Theories and Applications, pp. 1-5,
Rabat, Morocco, September 2020.

A. C. Finamore, A. M. Santos, and P. Ribeiro, “Fostering
Stem Formative Assessment for Lifelong Learners,” in
Proceedings of the 9th International Conference of Education,
Research and Innovation, Seville, Spain, November 2016.
R. Bourke, “Self-assessment to incite learning in higher
education: developing ontological awareness,” Assessment ¢
Evaluation in Higher Education, vol. 43, no. 5, pp. 827-839,
2018.

Z. Yan and G. T. L. Brown, “A cyclical self-assessment
process: towards a model of how students engage in self-
assessment,” Assessment & Evaluation in Higher Education,
vol. 42, no. 8, pp. 1247-1262, 2017.

D. Pirég, W. Kilar, and R. Rettinger, “Self-assessment of
competences and their impact on the perceived chances for a
successful university-to-work transition: the example of


https://www.officeforstudents.org.uk/advice-and-guidance/student-information-and-data/national-student-survey-nss/updating-the-nss
https://www.officeforstudents.org.uk/advice-and-guidance/student-information-and-data/national-student-survey-nss/updating-the-nss
https://www.officeforstudents.org.uk/advice-and-guidance/student-information-and-data/national-student-survey-nss/updating-the-nss
https://www.officeforstudents.org.uk/advice-and-guidance/student-information-and-data/national-student-survey-nss/updating-the-nss
https://www.heacademy.ac.uk/institutions/surveys/postgraduate-taught-experience-survey
https://www.heacademy.ac.uk/institutions/surveys/postgraduate-taught-experience-survey

16

(46

(51]

(52]

[60]

(61]

tourism degree students in Poland,” Tertiary Education and
Management, vol. 27, no. 4, pp. 367-384, 2021.

Z. Yan, “Self-assessment in the process of self-regulated
learning and its relationship with academic achievement,”
Assessment & Evaluation in Higher Education, vol. 45, no. 2,
pp. 224-238, 2020.

E. Panadero, A. Jonsson, and J. Botella, “Effects of self-as-
sessment on self-regulated learning and self-efficacy: four
meta-analyses,” Educational Research Review, vol. 22,
pp. 74-98, 2017.

J. Broadbent and W. L. Poon, “Self-regulated learning
strategies & academic achievement in online higher edu-
cation learning environments: a systematic review,” The
Internet and Higher Education, vol. 27, pp. 1-13, 2015.

S. A. Nikou and A. A. Economides, “The impact of paper-
based, computer-based and mobile-based self-assessment on
students’ science motivation and achievement,” Computers
in Human Behavior, vol. 55, pp. 1241-1248, 2016.

Z.Yan, G. T. L. Brown, J. C.-K. Lee, and X.-L. Qiu, “Student
self-assessment: why do they do it?” Educational Psychology,
vol. 40, no. 4, pp. 509-532, 2020.

M. M. Ashenafi, “Online Peer-Assessment Datasets,” 2019,
https://arxiv.org/abs/1912.13050.

M. M. Ashenafi, “Peer-assessment in higher education -
twenty-first century practices, challenges and the way for-
ward,” Assessment & Evaluation in Higher Education, vol. 42,
no. 2, pp. 226-251, 2017.

S. Colognesi, C. Vassart, B. Blondeau, and L. Coertjens,
“Formative peer assessment to enhance primary school
pupils’ oral skills: Comparison of written feedback without
discussion or oral feedback during a discussion,” Studies In
Educational Evaluation, vol. 67, Article ID 100917, 2020.

I. S. Montagner, “An experience with peer assessment in the
context of a Computer Systems course,” in Proceedings of the
2019 IEEE Frontiers in Education Conference (FIE), pp. 1-5,
IEEE, CA, USA, October 2019.

K. S. Double, J. A. McGrane, and T. N. Hopfenbeck, “The
impact of peer assessment on academic performance: a meta-
analysis of control group studies,” Educational Psychology
Review, vol. 32, no. 2, pp. 481-509, 2020.

L. Li and F. Gao, “The effect of peer assessment on project
performance of students at different learning levels,” As-
sessment & Evaluation in Higher Education, vol. 41, no. 6,
pp. 885-900, 2016.

X. Ye and S. Manoharan, “Providing automated grading and
personalized feedback,” in Proceedings of the International
Conference on Artificial Intelligence, Information Processing
and Cloud Computing, pp. 1-5, Sanya, China, December
2019.

D. Alt and N. Raichel, “Higher education students’ per-
ceptions of and attitudes towards peer assessment in mul-

ticultural  classrooms,”  The  Asia-Pacific ~ Education
Researcher, vol. 29, no. 6, pp. 567-580, 2020.
Z. Papamitsiou, M. Lunde, J. Westermoen, and

M. N. Giannakos, “Supporting learners in a crisis context
with smart self-assessment,” in Radical Solutions for Edu-
cation in a Crisis Context, Lecture Notes in Educational
Technology, pp. 207-224, Springer, Singapore, 2021.

Y. He, X. Hu, and G. Sun, “A cognitive diagnosis framework
based on peer assessment,” in Proceedings of the ACM Turing
Celebration Conference-China, pp. 1-6, Chengdu, China,
May 2019.

B. Vesin, A. Kla$nja-Milicevi¢, K. Mangaroska et al., “Web-
based educational ecosystem for automatization of teaching

(62]

(63]

(64

(65]

(66

(67]

(68]

(69]

(70]

(71]

(72]

(73]

(74]

(75]

(76]

Mathematical Problems in Engineering

process and assessment of students,” in Proceedings of the 8th
International Conference on Web Intelligence, Mining and
Semantics, pp. 1-9, Novi Sad, Serbia, June 2018.

E. Mehmood, A. Abid, M. S. Farooq, and N. A. Nawaz,
“Curriculum, teaching and learning, and assessments for
introductory programming course,” IEEE Access, vol. 8,
Article ID 125981, 2020.

E. H. Eshuis, J. ter Vrugte, A. Anjewierden, L. Bollen,
J. Sikken, and T. de Jong, “Improving the quality of voca-
tional students’ collaboration and knowledge acquisition
through instruction and joint reflection,” International
journal of computer-supported collaborative learning, vol. 14,
no. 1, pp. 53-76, 2019.

M. Leenknecht, L. Wijnia, M. Kohlen, L. Fryer, R. Rikers, and
S. Loyens, “Formative assessment as practice: the role of
students’ motivation,” Assessment & Evaluation in Higher
Education, vol. 46, no. 2, pp. 236-255, 2021.

S. G. Huber and C. Helm, “COVID-19 and schooling:
evaluation, assessment and accountability in times of crises-
reacting quickly to explore key issues for policy, practice and
research with the school barometer,” Educational Assess-
ment, Evaluation and Accountability, vol. 32, no. 2,
pp. 237-270, 2020.

L. Wijngaards-de Meij and S. Merx, “Improving curriculum
alignment and achieving learning goals by making the
curriculum visible,” International Journal for Academic
Development, vol. 23, no. 3, pp. 219-231, 2018.

P. Dawson, M. Henderson, P. Mahoney et al., “What makes
for effective feedback: staff and student perspectives,” As-
sessment & Evaluation in Higher Education, vol. 44, no. 1,
pp. 25-36, 2019.

E. Faulconer, J. Griffith, and A. Gruss, “The impact of
positive feedback on student outcomes and perceptions,”
Assessment & Evaluation in Higher Education, vol. 47, no. 2,
pp. 1-10, 2021.

D. Carless and D. Boud, “The development of student
feedback literacy: enabling uptake of feedback,” Assessment
& Evaluation in Higher Education, vol. 43, no. 8, pp. 1315-
1325, 2018.

J. A. Rossiter, “Using an understanding of feedback processes
to improve student learning,” IFAC-PapersOnLine, vol. 49,
no. 6, pp. 57-62, 2016.

K. Haughney, S. Wakeman, and L. Hart, “Quality of feedback
in higher education: a review of literature,” Education Sci-
ences, vol. 10, no. 3, p. 60, 2020.

K. Gray, R. Riegler, and M. Walsh, “Students’ feedback
experiences and expectations pre-and post-university entry,”
SN social sciences, vol. 2, no. 2, pp. 1-16, 2022.

B. A. Simonsmeier, H. Peiffer, M. Flaig, and M. Schneider,
“Peer feedback improves students’ academic self-concept in
higher education,” Research in Higher Education, vol. 61,
pp. 1-19, 2020.

B. Huisman, N. Saab, J. V. Driel, and P. V. D Broek, “Peer
feedback on academic writing: undergraduate students’ peer
feedback role, peer feedback perceptions and essay perfor-
mance,” Assessment ¢ Evaluation in Higher Education,
vol. 43, no. 6, pp. 955-968, 2018.

G. Ion, A. M. Sdnchez, and I. A. Morell, “Giving or receiving
feedback: which is more beneficial to students’ learning?”
Assessment & Evaluation in Higher Education, vol. 44, no. 1,
pp. 124-138, 2019.

H. Keuning, J. Jeuring, and B. Heeren, “A systematic liter-
ature review of automated feedback generation for


https://arxiv.org/abs/1912.13050

Mathematical Problems in Engineering

(77]

(78]

(79]

(80]

(81]

(84]

(85]

(86]

(87]

(88]

(89]

[90]

programming exercises,” ACM Transactions on Computing
Education, vol. 19, no. 1, pp. 1-43, 2018.

M. Henderson, T. Ryan, and M. Phillips, “The challenges of
feedback in higher education,” Assessment & Evaluation in
Higher Education, vol. 44, no. 8, pp. 1237-1252, 2019.

D. Carless, “Feedback loops and the longer-term: towards
feedback spirals,” Assessment & Evaluation in Higher Edu-
cation, vol. 44, no. 5, pp. 705-714, 2019.

W. Greller and H. Drachsler, “Translating learning into
numbers: a generic framework for learning analytics,”
Journal of Educational Technology & Society, vol. 15, no. 3,
pp. 42-57, 2012.

K. E. Arnold, S. Lonn, and M. D. Pistilli, “An exercise in
institutional reflection: the learning analytics readiness in-
strument (LARI),” in Proceedings of the Fourth International
Conference on Learning Analytics and Knowledge, pp. 163-167,
IN, USA, March 2014.

M. Oster, S. Lonn, M. D. Pistilli, and M. G. Brown, “The
learning analytics readiness instrument,” in Proceedings of
the Sixth International Conference on Learning Analytics &
Knowledge, pp. 173-182, Edinburgh, Scotland, April 2016.
M. P. Sanagustin, I. Hilliger, J. Maldonado et al., “LALA
Framework,” Technical Report, Monasha University, Mel-
bourne, Australia, 2019.

Y. S. Tsai, D. Gasevic, P. J. Mufioz-Merino, and S. Dawson,
“LA policy: developing an institutional policy for learning
analytics using the RAPID outcome mapping approach,” in
Proceedings of the Seventh International Learning Analytics ¢
Knowledge Conference, pp. 494-495, Vancouver, BC, Canada,
March 2017.

Y. S. Tsai, P. M. Moreno-Marcos, L. Jivet et al., “The SHEILA
framework: informing institutional strategies and policy
processes of learning analytics,” Journal of Learning Ana-
Iytics, vol. 5, no. 3, pp. 5-20, 2018.

K. Chrysafiadi, C. Troussas, and M. Virvou, “Combination of
fuzzy and cognitive theories for adaptive e-assessment,”
Expert Systems with Applications, vol. 161, Article ID 113614,
2020.

D. Becerra-Alonso, I. Lopez-Cobo, P. Godmez-Rey,
F. Ferndndez-Navarro, and E. Barbera, “EduZinc: a tool for
the creation and assessment of student learning activities in
complex open, online, and flexible learning environments,”
Distance Education, vol. 41, no. 1, pp. 86-105, 2020.

W. Admiraal, ]. Vermeulen, and J. Bulterman-Bos, “Teaching
with learning analytics:how to connect computer-based
assessment data with classroom instruction?” Technology,
Pedagogy and Education, vol. 29, no. 5, pp. 577-591, 2020.
R. H. Sagarika, R. Kandakatla, R. Kandakatla, and
A. Gulhane, “Role of Learning Analytics to Evaluate For-
mative Assessments: using a data driven approach to inform
changes in teaching practices,” Journal of Engineering Ed-
ucation Transformations, vol. 34, pp. 550-556, 2021.

J. P. C. Martinez, M. G. Catasuts, and T. R. Fontanillas,
“Impact of using learning analytics in asynchronous online
discussions in higher education,” International Journal of
Educational Technology in Higher Education, vol. 17, no. 1,
pp. 1-18, 2020.

G. Alexandron, M. E. Wiltrout, A. Berg, and J. A. Ruipérez-
Valiente, “Assessment that matters: balancing reliability and
learner-centered pedagogy in MOOC assessment,” in Pro-
ceedings of the Tenth International Conference on Learning
Analytics & Knowledge, pp. 512-517, Frankfurt, Germany,
March 2020.

[91]

(92]

(93]

(94]

(95]

[96]

[97]

(98]

(99]

(100

(101]

(102]

(103]

[104]

(105]

17

M. Wilson, K. Scalise, and P. Gochyyev, “Domain modelling
for advanced learning environments: the BEAR Assessment
System Software,” Educational Psychology, vol. 39, no. 10,
pp. 1199-1217, 2019.

M. Birjali, A. Beni-Hssane, and M. Erritali, “A novel adaptive
e-learning model based on Big Data by using competence-
based knowledge and social learner activities,” Applied Soft
Computing, vol. 69, pp. 14-32, 2018.

A. Alvarez-Arana, M. Villamase-Gironés, and M. Larrafiaga-
Olagaray, “Improving assessment using visual learning an-
alytics,” Educ. Knowl. Soc, vol. 21, 2020.

G. Deena, K. Raja, P. K. Nizar, and K. Kannan, “Developing
the assessment questions automatically to determine the
cognitive level of the E-learner using NLP techniques,” In-
ternational Journal of Service Science, Management, Engi-
neering, and Technology, vol. 11, no. 2, pp. 95-110, 2020.
H. Yan and F. Lin, “Including learning analytics in the loop
of self-paced online course learning design,” International
Journal of Artificial Intelligence in Education, vol. 31, no. 5,
pp. 1-18, 2020.

L.-K. Lee, S. K. S. Cheung, and L. F. Kwok, “Learning an-
alytics: current trends and innovative practices,” Journal of
Computers in Education, vol. 7, no. 1, pp. 1-6, 2020.

M. Hooda and C. Rana, “Learning analytics lens: improving
quality of higher education,” International Journal, vol. 8,
no. 5, 2020.

A. Vaidya and J. R. Saini, “A framework for implementation
of learning analytics and educational data mining in tradi-
tional learning environment,” in ICT Analysis and Appli-
cations, pp. 105-114, Springer, Singapore, 2021.

S. Ranjeeth, T. P. Latchoumi, and P. V. Paul, “A survey on
predictive models of learning analytics,” Procedia Computer
Science, vol. 167, pp. 37-46, 2020.

J. Xiao, X. Li, and L. Wang, “Applying learning analytics to
assess learning effect by using mobile learning support
system in U-learning environment,” in Proceedings of the
2019 10th International Conference on Information Tech-
nology in Medicine and Education (ITME), pp. 294-298,
IEEE, Qingdao, China, August 2019.

D. Distante, M. Villa, N. Sansone, and S. M. I. L. A. Faralli, “A
SCORM-compliant interactive learning analytics tool for
moodle,” in Proceedings of the 2020 IEEE 20th International
Conference on Advanced Learning Technologies (ICALT),
pp. 169-171, IEEE, Tartu, Estonia, January 2020.

C. G. Valenzuela, C. G. Gonzdlez, A. R. M. Tagle, and
A. L. Vyhmeister, “Learning analytics in higher education: a
preponderance of analytics but very little learning?” Inter-
national Journal of Educational Technology in Higher Edu-
cation, vol. 18, no. 1, p. 4, 2021.

G. Javidi, L. Rajabion, and E. Sheybani, “Educational data
mining and learning analytics: overview of benefits and
challenges,” in Proceedings of the 2017 International Con-
ference on Computational Science and Computational In-
telligence (CSCI), pp. 1102-1107, IEEE, Jakarta, Indonesia,
December 2017.

L. Costa, M. Souza, L. Salvador, and R. Amorim, “Moni-
toring students’ performance in e-learning based on learning
analytics and learning educational objectives,” in Proceedings
of the 2019 IEEE 19th International Conference on Advanced
Learning Technologies (ICALT), pp. 192-193, IEEE, Macei6-
Alagoas, Brazil, July 2019.

M. Jamila, G. Lenar, V. Rustam, and M. Mahyoub, “The
application of artificial neural networks in learning analyt-
ics,” in Proceedings of the 2020 13th International Conference



on Developments in eSystems Engineering (DeSE), pp. 384-
389, IEEE, Liverpool, UK, December 2020.

I. Krikun, “Applying learning analytics methods to enhance
learning quality and effectiveness in virtual learning envi-
ronments,” in Proceedings of the 2017 5th IEEE Workshop on
Advances in Information, Electronic and Electrical Engi-
neering (AIEEE), pp. 1-6, IEEE, Riga, Latvia, November 2017.
S. Surenthiran, R. Rajalakshmi, and S. S. Sujatha, “Student
performance prediction using atom search optimization
based deep belief neural network,” Optical Memory & Neural
Networks, vol. 30, no. 2, pp. 157-171, 2021.

S. Hussain, S. Gaftandzhieva, M. Maniruzzaman, R. Doneva,
and Z. F. Muhsin, “Regression analysis of student academic
performance using deep learning,” Education and Infor-
mation Technologies, vol. 26, no. 1, pp. 783-798, 2021.
C.Huang, J. Zhou, J. Chen, J. Yang, K. Clawson, and Y. Peng,
“A feature weighted support vector machine and artificial
neural network algorithm for academic course performance
prediction,” Neural Computing & Applications, pp. 1-13,
2021.

M. Tsiakmaki, G. Kostopoulos, S. Kotsiantis, and O. Ragos,
“Fuzzy-based active learning for predicting student academic
performance using autoML: a step-wise approach,” Journal
of Computing in Higher Education, vol. 33, no. 9, pp. 1-33,
2021.

O. Iatrellis, I. K. Savvas, P. Fitsilis, and V. C. Gerogiannis, “A
two-phase machine learning approach for predicting student
outcomes,” Education and Information Technologies, vol. 26,
no. 1, pp. 69-88, 2021.

S. D. A. Bujang, A. Selamat, R. Ibrahim et al., “Multiclass
prediction model for student grade prediction using machine
learning,” IEEE Access, vol. 9, Article ID 95621, 2021.

E. S. Bhutto, I. F. Siddiqui, Q. A. Arain, and M. Anwar,
“Predicting students’ academic performance through su-
pervised machine learning,” in Proceedings of the 2020 In-
ternational ~Conference on Information Science and
Communication Technology (ICISCT), pp. 1-6, IEEE, Kar-
achi, Pakistan, February 2020.

D. Liu, Y. Zhang, J. Zhang, Q. Li, C. Zhang, and Y. Yin,
“Multiple features fusion attention mechanism enhanced
deep knowledge tracing for student performance predic-
tion,” IEEE Access, vol. 8, Article ID 194903, 2020.

X. Song, J. Li, S. Sun, H. Yin, P. Dawson, and R. R. M. Doss,
“SEPN: a sequential engagement based academic perfor-
mance prediction model,” IEEE Intelligent Systems, vol. 36,
no. 1, pp. 46-53, 2020.

J. E. M. Fotso, B. Batchakui, R. Nkambou, and G. Okereke,
“Algorithms for the development of deep learning models for
classification and prediction of behaviour in MOOCS,” in
Proceedings of the 2020 IEEE Learning with MOOCS
(LWMOOCS), pp. 180-184, IEEE, Antigua Guatemala,
Guatemala, September 2020.

A. Jain and S. Solanki, “An efficient approach for multiclass
student performance prediction based upon machine
learning,” in Proceedings of the 2019 International Conference
on Communication and Electronics Systems (ICCES),
pp- 1457-1462, IEEE, Coimbatore, India, July 2019.

V. J. Marin, T. Pereira, S. Sridharan, and C. R. Rivero,
“Automated personalized feedback in introductory Java
programming MOOCs,” in Proceedings of the 2017 IEEE 33rd
International Conference on Data Engineering (ICDE),
pp- 1259-1270, IEEE, San Diego, CA, USA, April 2020.

Y. Attali and F. van der Kleij, “Effects of feedback elaboration
and feedback timing during computer-based practice in

Mathematical Problems in Engineering

mathematics problem solving,” Computers & Education,
vol. 110, pp. 154-169, 2017.

[120] M. T. Crimmins and B. Midkiff, “High structure active

learning pedagogy for the teaching of organic chemistry:

assessing the impact on academic outcomes,” Journal of

Chemical Education, vol. 94, no. 4, pp. 429-438, 2017.

D. Vasileiadou and K. Karadimitriou, “Examining the im-

pact of self-assessment with the use of rubrics on primary

school students’ performance,” International Journal of

Educational Research Open, vol. 2, Article ID 100031, 2021.

Z. Zainuddin, M. Shujahat, H. Haruna, and S. K. W. Chu,

“The role of gamified e-quizzes on student learning and

engagement: an interactive gamification solution for a for-

mative assessment system,” Computers & Education, vol. 145,

Article ID 103729, 2020.

K. Park, H. Sohn, B. Mott et al., “Detecting disruptive talk in

student chat-based discussion within collaborative game-

based learning environments,” in Proceedings of the LAK21:
11th International Learning Analytics and Knowledge Con-

ference, pp. 405-415, April 2021.

[124] H. Chin, C. M. Chew, and H. L. Lim, “Incorporating
feedback in online cognitive diagnostic assessment for en-
hancing grade five students’ achievement in “time”,” Journal
of Computers in Education, vol. 8, no. 2, pp. 1-30, 2020.

[125] Q. Nguyen, B. Rienties, L. Toetenel, R. Ferguson, and
D. Whitelock, “Examining the designs of computer-based
assessment and its impact on student engagement, satis-
faction, and pass rates,” Computers in Human Behavior,
vol. 76, pp. 703-714, 2017.

[126] M. Demir, “Using online peer assessment in an Instructional
Technology and Material Design course through social
media,” Higher Education, vol. 75, no. 3, pp. 399-414, 2018.

[127] J. Broadbent, “Comparing online and blended learner’s self-
regulated learning strategies and academic performance,”
The Internet and Higher Education, vol. 33, pp. 24-32, 2017.

[128] D. Tigelaar and P. Sins, “Effects of formative assessment
programmes on teachers’ knowledge about supporting
students’ reflection,” Journal of Vocational Education and
Training, vol. 73, no. 3, pp. 1-23, 2020.

[129] C. Ott, A. Robins, and K. Shephard, “Translating principles
of effective feedback for students into the CS1 context,” ACM
Transactions on ComputingEducation, vol. 16, no. 1, pp. 1-27,
2016.

[130] L. A. Lim, D. Gasevic, W. Matcha, N. A. Ahmad Uzir, and
S. Dawson, “Impact of learning analytics feedback on self-
regulated learning: triangulating behavioural logs with stu-
dents’ recall,” in Proceedings of the LAK2I: 11th International
Learning Analytics and Knowledge Conference, pp. 364-374,
Irvine, CA, USA, April 2021.

[131] O.Diyer, N. Achtaich, and K. Najib, “Artificial intelligence in
learning skills assessment: a pedagogical innovation,” in
Proceedings of the 3rd International Conference on Net-
working, Information Systems & Security, pp. 1-5, Delhi,
Inda, July 2020.

[132] S. W. Dietrich, D. Goelman, J. Broatch et al., “Using for-
mative assessment for improving pedagogy,” ACM Inroads,
vol. 11, no. 4, pp. 27-34, 2020.

[133] C.-K. Looi, S.-W. Chan, and L. Wu, “Crisis and opportunity:
transforming teachers from curriculum deliverers to de-
signers of learning,” in Radical Solutions for Education in a
Crisis Context, pp. 131-145, Springer, Singapore, 2021.

[134] A. Islam, “Improving educational quality through curricu-
lum development: an empirical investigation using

[121

(122

(123



Mathematical Problems in Engineering

[135]

[136

[137]

[138]

stakeholder feedback data,” Journal of Education, vol. 199,
no. 2, pp. 69-82, 2019.

M. Hooda, C. Rana, O. Dahiya, J. P. Shet, and B. K. Singh,
“Integrating LA and EDM for improving students Success in
higher Education using FCN algorithm,” Mathematical
Problems in Engineering, vol. 2022, 12 pages. In press, Article
ID 7690103, 2022.

M. Afzaal, J. Nouri, A. Zia et al., “Explainable Al for data-
driven feedback and intelligent action recommendations to
support students self-regulation,” Frontiers in Artificial In-
telligence, vol. 4, p. 723447, 2021.

A. Jain, “Multi-class classification to track students’ academic
outcome,” Doctoral dissertation, National College of Ireland,
Dublin, 2019.

H. Karimi, J. Huang, and T. Derr, “A deep model for pre-
dicting online course performance,” Cse Msu Educ, vol. 192,
p. 302, 2014.

19



