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ABSTRACT

This study aims to explore adaptive/personalized learning and artificial intelligence in learning
geared towards students’ achievement or outcome of related articles. It begins with some
definitions of the concepts. A systematic literature review was conducted and identified 68 articles
from two decade, i.e., 2000-2020. It also presents the research methodologies/approaches used
during the study and investigates similarities between adaptive learning and personalized learning,
learning outcomes, artificial intelligence techniques and contribution of artificial intelligence and
other technologies in assessing adaptive/personalized learning. In addition, adaptive/personalized
learning have the same element i.e. individual differences, individual performance and artificial
intelligence techniques such as artificial neural network, fuzzy logic, decision trees, etc. are
enablers to deliver adaptive instructions, guidance and evaluate learners and role of Al in learning.
The conclusions reflect on discussions, limitations etc., and the study recommended the
development Al in learning on higher order thinking and wearable devices evaluation in

personalized learning.
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1.0 INTRODUCTION

With the recent rapid advances in computer technologies, educational researchers have developed
computer-assisted learning methods, tools, and environments (Hwang, 2002). Computer-assisted
learning systems aid with learning tools to provide a more adaptive/personalized learning
environment. Adaptive/personalized learning has become possible through the implementation of
intelligent learning systems, the integration of preferences of the learners, the analysis of individual
learning data, etc. These systems use artificial intelligent (Al) techniques or technologies in
fostering learning processes. Al has emerged within the education sector, in which users interact
and learn with hard and soft technologies, apparently, many Al-based applications have become
part of our routines. As Housman (2018: 50) emphasized, "Al is capable of two things: (1)
automating repetitive tasks by predicting outcomes on human-labelled data, and (2) enhancing
human decision-making by feeding problems to algorithms developed by humans."

Al and adaptive/personalized learning technologies are seen as important within educational
technology. According to experts, Al in education is anticipated to grow by 48% in the 2018 to
2022 period, although the Horizon Report 2019 Higher Education Edition (EDUCASE, 2019)
predicts that teaching and learning related to Al applications are expected to grow even more
significantly. Adaptive learning technologies dynamically adjust to the level or type of course
content based on the abilities or skill achievement of an individual, in ways that accelerate the
performance of a learner with both automated and instructor interventions (EDUCAUSE 2016).

Personalized learning refers to a learning paradigm aimed at promoting the individual development
of students, emphasizing that the learning process should adopt appropriate teaching methods,
techniques, content, starting points, processes and assessment methods to meet the students'
individual characteristics and development potential, so that all aspects of students can be fully
developed (Li 2015). Klasnja-Mili¢evi¢, Vesin, Ivanovi¢, and Budimac (2011: 885) claimed that
“personalized learning occurs when e-learning systems intentionally seek to develop educational
environments that fit in with each other” while (Chen et al, 2005: 239) suggested a personalized
system that offers “learning paths that can be tailored to the various levels of complexity of course
materials and learners' skills™.

The aim of this study is to provide an overview of the influence of artificial intelligence (Al) in
the learning process and how adaptive/personalised learning affects student achievements in light
of the dynamic development in recent years and the growing interest in this field, a systematic
review is needed to identify the development, patterns and future directions of study and focus on
learning. Specifically, this research addresses the following research questions by means of a
systematic review:

e What is the purpose of artificial intelligence (Al) and adaptive/personalized learning?
e How does personalized learning affect student achievements?



After the introduction of the research (Section 1), Section 2 provides definitions for adaptive
learning, personalized learning and artificial intelligence respectively with a table to summary the
role of technology, highlight artificial intelligence as enabler of adaptive/personalized learning.
Section 3 introduces the research methodology, followed by section 4, which presents the results
and Section 5 discusses the results, while Section 6 serves as the conclusion.



2.0 LITERATURE REVIEW
2.1 Adaptive/Personalized Learning

The concept of adaptive/personalized learning differs in the contexts in which it is being applied
today. Adaptive learning is one methodology that provides personalized learning, with the goal of
providing secure, effective and tailored learning paths for engaging every learner. They adapt
dynamically to the student experiences and performance levels, presenting the content types in an
acceptable sequence that individual learner need to make progress at different points in time.
Adaptive learning system uses data-driven, curriculum and remediation methods, which employ
algorithms, evaluations, student feedback, instructor adjustments/interventions, and multiple
media to deliver new learning material to students who have achieved mastery and remediation to
those who have not.

Snow and Farr (1987) suggested that sound learning theories are incomplete or unrealistic if they
do not provide a whole person's point of view, including both cognitive and affective aspects,
implying that no educational program can be successful without due attention to the personal
learning needs of individual students. On the other hand, Russell (1997) suggested that educators
should identify and acknowledge learning differences and make maximum use of the available
technology to support them accordingly. The use of adaptive hypermedia to support individual
learning was proposed by Brusilovsky (1998). The concept of adaptive hypermedia is to adapt the
course content for a particular student based on the profile or records of the learner. Paolucci
(1998) discussed the value of hypermedia individualisation to adapt and personalize every strategy.
Adaptive hypermedia systems should be capable of diagnosing and recognizing the biases of each
student in order to ensure personalisation.

Lo, Wang, and Yeh (2004) developed a Hypermedia-based English Learning system for
Prepositions (HELP) based on the definition, which provides non-native English language
diagnosis speakers with remedial instruction according to their assessment results. Brusilovsky
and Peylo (2003) argued that adaptive learning systems were built upon the development of
adaptive media in the web, and defined adaptive learning as generally referring to how to use
computer systems or tools to provide tailored learning materials or activities to cater to
personalized learning needs.

On the other hand, constructivist views of learning emphasize a radically different set of principles
and could require a different kind of intelligent system to support learning (Leidner & Jarvenpaa,
1995, O'Loughlin, 1992). The constructivist approach sees knowledge as being built independently
from what the learners do in their experiential environments, and cannot be described objectively.
Because what is learned at a given time is unique to the individual learner and is based on
previously acquired information, during the instructional process the structured instruction may
need to be tailored to the particular characteristics of the learners.

Shute (1995) suggested a computer-based education system with a personalizing component might
be superior to a “non- intelligent” version. Martinez (2001) claimed that learners achieved greater
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success in learning environments that adapted to and supported their individual learning
orientation, and that the fundamental “one-on-one” approach solution using reliable “meta-level”
learner difference or performance difference criteria would replace the “one-fits-all” solution.

According to the United States National Education Technology Plan 2017, personalized learning
is “instruction in which the pace of learning and the instructional approach are optimized for the
needs of each learner. Learning objectives, instructional approaches, and instructional content (and
its sequencing) may all vary based on learner needs. In addition, learning activities are meaningful
and relevant to learners, driven by their interests, and often self-initiated.” (U.S. Department of
Education, 2017: 9).

In this general context, personalized learning is a potential approach to meeting future educational
needs and may provide new alternatives that foster learning capacity among individual learners
(Bentley and Miller, 2004). Personalized learning emphasizes student-driven instructional
objectives, content, pace, and sequencing. ldeally, learning activities are frequently student-
initiated, meaningful, and relevant to the learner (U.S. Department of Education, 2017).

Personalized learning also requires the use of technology to facilitate student learning and to
provide tools for individual pacing and more efficient assessments to inform and tailor instruction.
A crucial component of this modern learning paradigm is its focus on promoting learning among
students in areas of key importance to academic and career performance. A personalized learning
has many of the characteristics listed in Figure 1 within the scope of the classroom settings in term
of:

e Student can choose where, what, when and in what way they will study.

e Provide real world engagement to enhance student skill for job career purpose.
e Assessment with simultaneous comment.

e Technology utilization.

e Centralized facilities for student and teacher.

e Stimulate student for collaboration and engagement.

e Learning for mastery not grade level.

e Numerous trails for learning.
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Figure 1. A typical classroom of Personalized Learning Environment. Source: Transforming the
culture of teaching and learning: four race to the top — district grantees ' implementation of
personalized learning.

A survey by the Alliance for Excellent Education concluded that 79% of parents and 73% of
teachers do not agree with the one-size-fits-all approach to education schools still have nowadays.
Due to clear evidence of math and reading test scores improvement in schools that have shifted
their approach to personalized learning, 71% of parents and 77% of teachers would be comfortable
with the change. There are some examples of schools following the personalized approach in the
US, but they had to tailor it to fit their circumstances. Here are some approaches:

e Competency-based approach in which students’ progress at their own pace mastering key
concepts as opposed to strictly learning in class.

e Interdisciplinary student-directed approach through projects with the purpose of
developing critical thinking and collaboration.

¢ A mix of the two approaches mentioned above based on rigorous academic content and
work-based learning.

e A student-centered approach using personalized data to identify gaps in knowledge for a
more autonomous learning.

The common ground for all approaches to adaptive/personalized learning is the teacher-student
relationship based on trust, which helps students progress at their own pace by reflecting on their
strengths and weaknesses and the flexibility and real life applicability of the learning process.



2.2 Role of Technology in adaptive/personalized learning

Many countries in Europe have made efforts to use information and communication technology
(ICT) in education. For example, the Finnish strategy says: “In developing the use of information
and communication technologies in education, the objective is to shift the focus from hardware to
pedagogic renewal and help increasing numbers of pupils to learn increasingly demanding
information structures and problem-solving skills. In education, the emphasis lies on high-quality
contact education, communality, interaction, open and flexible expression, and the use of
distributed expertise through networks.” (Information Strategy for Education and Research 2000-
2004, Ministry of Education in Finland).

ICTs are often used to expand access to and enhance the importance and quality of education. ICTs
have shown opportunities for all students to improve their options, access, participation and
achievement. Because of ICT, unparalleled pace and general availability of accessible and
appropriate information expands educational opportunities among the other disadvantaged to the
excluded and vulnerable groups. Research has shown that the proper use of ICTs will catalyse the
paradigmatic change in both content and pedagogy at the heart of 21st century educational reform.

ICT-supported education will promote information and skills development that will enable
students for lifelong learning. ICTs, in particular computers and Internet technology, allow new
forms of teaching and learning, rather than merely allowing teachers and students to do more than
they have done before. Such modern ways of teaching and learning are founded on constructivist
learning theories, which represent a change from teacher-centered pedagogy to learner-centered.

The wuse of technology in education opened up new possibilities for providing
adaptive/personalized learning to learners and significantly enhanced the potential of
adaptive/personalized learning. Technology is a key component of this model; often each learner
is provided with a device (Johnson & Sherlock, 2014). Most recent work on adaptive/personalized
learning is closely linked to technology-enhanced learning, allowing learning systems to provide
personalized learning that otherwise is not feasible given the traditional classroom constraints.

These systems mimic the actions of human teachers (Mitrovic, Martin, Suraweera, 2007), in order
to provide a comparable experience without human intervention to personal tutoring. Usually, they
have an atmosphere in which all students can exercise their skills and solve problems. Through the
development and usage of learning systems, large numbers of learners in a class have been able to
use and benefit from personalized learning as evident in literature (Graf, 2007). Throughout several
of these researches, an intelligent learning system is able to recognize individual learners'
characteristics such as prior experience, personality styles, cognitive abilities, personality
preferences, learning objectives, and motivation (Graf, Yang, Liu, and Kinshuk, 2009) from
individual feedback received.

Aforementioned, the role of technology in personalized learning involves adjusting the objective,
pathway, and pace of instruction based on learner expectations, ongoing performance and
empower students. Some roles for technology are highlighted:



e Automated adaptation of learning opportunities. Theories of learning suggest that
students better when they're tested optimally, when content is challenging enough to
involve them in deep cognitive work but not so challenging that they can't understand or
get frustrated. Adaptive learning systems track student progress and change the curriculum
accordingly to help and enhance learning. These systems can promote an instructional
model focused on competencies by allowing students the opportunity to learn content at
their own speed or through a preferred pathway. They are also used to incorporate blended
models of learning in which students cycle between online and offline stations.

e Resource curation and management. There are several online learning programs,
applications, instructional videos, educational games, interactive websites, and the like,
and teachers and students need help in identifying the ones that suit the needs of the
individual students. A class of technology systems offers assistance in identifying and
choosing tools that match the learning needs, controlling the access and usage of tools for
students, and evaluating how well students have performed with the resources. Using these
systems can promote student preference, and learning based on agency and competency.
They may be used in the implementation of blended learning models, along with adaptive
technologies.

e Use of student data. A crucial challenge for educators is to make sense of data from a
number of sources assessments and other data from online systems, state assessments,
district benchmark examinations, student school reports, analyses of the needs and desires
of students, and measures of behavioural issues and to use the data productively to
personalize learning. Many technical supports include data integration mechanisms and
data displays that allow personalization, either on their own or as part of particular systems.
Data displays can also be an important part of adaptive learning frameworks and networks
to curate tools. Providing intelligible and actionable data can be a vital help for student
organization, skill-based learning and blended learning model management.

Perhaps the most common and widely accepted types of technology that support personalized
learning are adaptive educational systems. Whatever the characteristics of the individual learner
or the dimensions of the learning environment depicted in the program, the main distinguishing
feature of adaptive education technologies is that one or more elements of the program are changed
in response to learner knowledge. It is this adaptivity that creates the personalized learning
experience intended to maximize the learning of each student (Natriello, 2013: 1). This adaptation
can be continuous, and according to researchers Shute and Zapata-Rivera (2012: 7), “Adaptive
educational systems monitor important learner characteristics and make appropriate adjustments
to the instructional milieu to support and enhance learning”.

Adaptive educational systems take students through tailoring processes in such a way that the
program offers a learning environment in which a student participates, data is collected on what
the student knows or how he or she is learning, data is interpreted on learning path knowledge, and
the program then adapts the learning experience based on the actual needs of the student.



Essentially, the technologies change teaching or pedagogical behavior intended to affect learning,
using perceptions of what and how students are learning (Koedinger, Booth, & Klahr, 2013). An
adaptive technology can be modified in a number of ways based on a learning assessment: it can
provide specific instructional assignments, tips, prompts, related tools to study; extra homework;
and/or content that is more difficult where appropriate. Engineering may vary the ratio of examples
to problems, the concreteness of examples, the timing of feedback, the grouping or sequence of
topics, and whether the student or the program describes how to solve problems.

Two specific kinds of adaptive systems that are popular in many schools are cognitive tutors and
competency-based systems. Cognitive tutors are systems that clearly assess what the students
understand, what they do not, and why to offer the kinds of tips, prompts, and scaffolds a human
tutor might have. Unlike human tutors, cognitive tutors are adapted to the kinds of information or
skills that are being taught, the kind of student doing the learning (e.g., based on previous
achievement), and the learning background. One example of a method like this is the MATHia of
Carnegie Learning. MATHia offers interactive math tutors to assess the problem-solving activities
of the students and offer advice for supporting them in the different areas they need support. These
tutors often provide worked examples or examples of the work of other students as additional
scaffolds, if needed. Another example is DreamBox Learning, which offers additional elementary
grade maths games that tracks what learners are doing, trying to spot common errors and
misconceptions. Then, depending on the types of mistakes detected, the program adjusts the
difficulty, scaffolding, sequencing, number of hints, and/or pacing.

Adaptive competency-based systems, most common for math and reading, tailor the pace at which
learners or students advance through learning experiences by monitoring what each student has
learned and tailoring a suitable sequence of corresponding learning objectives. Such objectives
that include the basic skills for next learning and the level of maturity at which those skills are
developed. In mathematics, some examples are Khan Academy and Reasoning Mind, each of
which takes students through a set of learning objectives for a specific subject area or grade level.
Khan Academy does not recommend how teachers use their commodity, as there are so many
different implementation models (Murphy, Gallagher, Krumm, Mislevy, & Hafter, 2014).

It usually serves as a supplementary curriculum for any degree, and teachers choose to assign those
topics to specific students, assign the same topic to all students, or advance students through the
sequence set out by Khan Academy. To prove mastery of a skill and move on, students must
answer a certain number of questions correctly, and they can use videos or tips for help. Reasoning
Mind is used as a central curriculum for mathematics. It delivers direct guidance as a teacher might
while students’ record notes in a paper notebook before being assessed on their understanding of
material and the quality of those notes. It then offers basic practical problems, and if students
demonstrate expertise in solving them, it adapts to give problems that need deeper understanding
and approaches that are more complex. Teachers play a significant role in the system, providing
regular input on the success of the students that they can use to offer additional behavioural training



strategies. Table 1 and 2 provides summary of the role of technology in adaptive/personalized
learning.



Table 1. Summary of the role of technology in adaptive/personalized learning.

Authors

Finding/Focus

(Johnson & Sherlock, 2014)

(Mitrovic, Martin, Suraweera,
2007)

(Graf, Yang, Liu, and Kinshuk,
2009)

(Natriello, 2013)

(Shute and Zapata-Rivera, 2012)

(Koedinger, Booth, & Klahr,
2013)

(Murphy, Gallagher, Krumm,
Mislevy, & Hafter, 2014)

Identifies technology as a key component of adaptive/personalized learning; often each learner is
provided with a device as technology-support.

Identify constraint-based tutors that have been thoroughly to evaluate and proven to achieve
significant learning gains by mimicking human.

Intelligent learning system is able to recognize individual learners' characteristics such as prior
experience, personality styles, cognitive abilities, personality preferences, learning objectives, and
motivation

Based on learner characteristics or the dimensions of the learning experience represented in the
system, the key defining feature of adaptive educational technologies is that one or more elements
of the system are modified in response to information about the learner.

Identifies educational systems that monitor learner characteristics and appropriate instructional
milieu to support and enhance learning.

Based on the assessment of learning, an adaptive technology offer instructional tasks, hints,
prompts and/or provides a learning experience in which student engages and data are collected.
Cognitive tutors assess what the students understand, what they do not, and why to offer the kinds
of tips, prompts, and scaffolds a human tutor might have and Adaptive competency-based
systems tailor the pace at which learners or students advance through learning experiences by
monitoring what each student has learned.

Table 2. Continued

Role of technology

Finding/Focus

Automated adaptation of learning
opportunities

Students’ or leaners’ have the opportunity to learn content at their own speed or
through a preferred pathway.

Resource curation and management. Assists students in finding and selecting the right tools that match their learning

Use of student data.

needs as well as evaluate students’ performance with the resource.

Many technical systems include data integration mechanisms; data acquired from
these systems can be used to productively personalize students learning.
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2.3.0 Artificial Intelligence as enabler of adaptive/personalized learning?

2.3.1 Artificial Intelligence (Al): An introduction

Artificial Intelligence (Al) is a field of computer science that studies how machines can imitate the
intelligence of their human counterparts. In computer science, artificial intelligence (Al),
sometimes-called machine intelligence, is intelligence demonstrated by machines, in contrast to
the natural intelligence displayed by humans and animals. Leading Al textbooks describe the
discipline as the study of "intelligent agents": any system perceiving its environment and taking
action that maximizes its chance to achieve its goals successfully (Poole, Mackworth & Goebel
1998: 1).

As machines become increasingly capable, tasks considered to require "intelligence™ are often
removed from the definition of Al, a phenomenon known as the Al effect (McCorduck, 2004:
204). A quip in Tesler's Theorem says, "Al is whatever hasn't been done yet."(Maloof Mark, 2017:
37). Nabiyev (2010) roughly defines Al as the ability of a computer-controlled device or system
to perform tasks in a human-like way. As indicated by the author, human-like qualities include
mental processes like reasoning; sense making, generalization and learning from previous
experiences have human-like qualities.

Developments in Al evolution have been mind-blowing, and the incredible role it has played in
human lives. There have been a few clear examples recently of Al being able to know how to think
like a human being. Such studies have also shown that Al-based systems can perform as well as
humans, in some situations. For example, in 2016 Google DeepMind's AlphaGo defeated Lee Se-
Dol, a South Korean champion, one of the most experienced "Go" players in the world (Sang-Hun,
2016). As the strongest proof of the human-like reasoning and abilities of Al, the outcome of this
match shows that a very artificially intelligent machine is one that can learn by itself (Adams,
2017).

Today's Al is not yet about machines that can comprehend human concepts such as love, creativity
and strategy. The implementations are probably much narrower right now, in that they seem to be
excellent in solving one particular problem and that is about it. Al is usually divided into three
groups, each of which is an evolution of the next.

1. Artificial Narrow Intelligence (ANI): Commonly known as machine learning or also
known as Narrow Al or Weak Al, is a form of Artificial Intelligence based on one narrow
area and one problem at a time. This is the form of Al that we see in the market today and
complete tasks like recommending a product or predicting the weather forecast. Narrow Al
is something about which most of us communicate on a regular basis. Talk of an assistant
to Google, Google Translate, Siri, Cortana or Alexa. Both of them are artificial intelligence,
using Natural Language Processing (NLP). NLP is used in chatbots and related
applications. They are programmed to communicate with humans in a customized, natural
way by understanding speech and text in the natural language.
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2. Artificial General Intelligence (AGI): AGI is the next level up from ANI and refers to
Al that has a “human level of cognitive function.” However, AGlI is still an emerging field.
To be successful, an AGI system would need to connect potentially thousands of ANI
systems together to imitate human behaviour. To put it into context, the market leading
IBM Watson system took 40 minutes to simulate just one second of neuro-activity. Big
companies are striving to achieve AGI and we will get there.

3. Artificial Super Intelligence (ASI): Is way into the future. An ASI system is one that can
completely surpass any sort of human intelligence. This type of Al will be able to perform
extraordinary well at things such as arts, decision making, and emotional relationships. It
is thought that the progression from AGI to ASI would not necessarily be that huge. If
machines can start coming up with their own concepts with AGI, a super intelligent system
would be the next logical step.

Artificial Intelligence technology brings many benefits to various fields, including education.
Many researchers claim that Artificial Intelligence can improve the level of education.

2.3.2 Role of Artificial Intelligence in the context of education

Chaudhri, Lane, Gunning, and Roschelle (2013) discussed application of Al in education (AlEd)
to improve teacher effectiveness and learners’ engagement. Al and its learning applications have
been instrumental in delivering intelligence in e-learning tools and techniques. The idea behind
using Al in learning is to encourage quality education and training in a computer-based program
that is essential for teachers who work positively on these factors can improve the student's
performance. Al that can contribute to the development of learning programs that will greatly
benefit from a more personalized and better decision support system for the facilities.

By providing such approach, the education system will play much better toward positive
improvement of their results for student centric. Surely, the critical presences of teachers and tutors
are irreplaceable. According to (https://www.teachthought.com/the-future-of-learning/10-roles-
for-artificial-intelligence-in-education/), below are some role of Al in the educational system:

1. Al can automate basic activities in education, like grading.

In college, grading homework and tests for large lecture courses can be tedious work, even
when TAs split it between them. Particularly in lower grades, teachers often find grading
takes up a large amount of time, time that could be used to connect with students, to plan
for class, or to focus on professional development. While Al may never be able to
completely replace human grading, it is getting close. Teachers can now automate grading
for almost any form of multiple choice, and fill-in-the-blank testing and automatic grading
of student writing will not be far behind. Today, the essay grading program is still in its
infancy and not fully up to scratch, but it can (and will) evolve in the coming years,
enabling teachers to concentrate more on in-class activities and student engagement than
grading.
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2. Al-driven programs can give students and educators helpful feedback.

Al can not only help teachers and students design courses that are specific to their needs,
but it can also provide input to each of them on the overall progress of the course. Many
schools, especially those with online offerings, use Al systems to track student progress
and to alert teachers when there might be a problem with student performance. These types
of Al programs make it possible for students to get the help they need and for teachers to
find places where they can improve instruction for students who may struggle with the
subject. Al services are not only providing guidance on individual courses at these colleges,
however. Others are creating programs that can help students select majors based on areas
where they are productive and fail.

3. Data powered by Al can change how schools find, teach, and support students.
Intelligent data collection, driven by smart computer systems, is already changing how
colleges communicate with prospective and current students. Intelligent computer systems
help to make any aspect of the college experience more closely tailored to student needs
and interests, from recruiting to helping students select the best courses. In today's cutting-
edge world, data mining systems already play an integral role but artificial intelligence
could further alter higher education. At several colleges, programs are already underway
to provide Al-guided training to students that can ease the transition from college to high
school.

4. Al can make trial-and-error learning less intimidating.

Trial and error is a vital part of learning but the fear of failing, or just not knowing the
answer, is paralyzing for many students. Some just do not like being put on the spot before
their peers, or figures of authority like a teacher. An intelligent computer program built to
help students learn how to manage trial and error is a far less challenging solution. In a
relatively judgment-free environment, artificial intelligence may offer students a way of
experimenting and learning, particularly when Al tutors can offer solutions for
improvement. In reality, Al is the perfect format to help this kind of learning, as Al systems
often learn by a trial-and-error method themselves.

5. Al can point out places where courses need to improve.

Teachers may not always be aware of differences in their lectures and instructional
materials, which may leave students uncertain about certain concepts. Artificial
intelligence provides a solution to the issue. Coursera, a huge, free online course provider,
is already putting it into action. If a large number of students find themselves sending the
wrong answer to a homework assignment, the program warns the instructor and sends a
personalized message to potential students that provides tips for the correct response. This
form of program helps to fill in the holes of description that can arise of classes, and helps
make sure all students create the same logical base. Instead of waiting for the professor for
feedbacks, leaners get instant feedback to help them understand a concept and know how
to do it better next time around.

13



AIEd can contribute to collaborative learning by supporting adaptive group formation based on
learner models, by facilitating online group interaction or by summarizing discussions that can be
used by a human tutor to guide students towards the aims and objectives of a course. With the
advancement of AIEd and the availability of (big) student data and learning analytics, Luckin et
al. (2016: 35) claim a “renaissance in assessment”. Al can provide just-in-time feedback and
assessment rather than stop-and-test. The educational environment of today is clearly affected in
artificial intelligence solution, which is fitted with artificial intelligence by digital learning and
adaptive/personalized learning.

2.4 Al in adaptive/personalized learning

Acrtificial Intelligence plays a key role in adaptive learning by providing personalized experience
of learning. Al's adaptive/personalized learning strategies can help interpret the work of the
learner, learning style, resource sharing, and even his own academic achievement and hobbies
information. For example, these specifics can help gather automatically learners who have
different skills to work together in an effective group structure on a particular assignment at
schools. That is, instead of following a "one size fits all" approach, using Al in education allows
tailor-made learning by putting learners at the core of learning environments.

Personalization of a student's learning experience has been achieved in such systems through the
detection of emotional and cognitive states (Garcia et al., 2007; Garcia-Valdez et al., 2010);
affective states including facial and body language (D’Mello and Graesser, 2012a, 2012b);
personality (Leontidis and Halatsis, 2009); learning progressions (Rus et al., 2013) and learning
styles (Latham et al., 2014). A recent analysis of 50 ITS-related journal papers published between
2008 and 2013 by Sani and Aris (2014) shows a strong trend in the use of artificial intelligence
technologies to enhance the intelligent tutoring system performance and quality.

Intelligent tutoring systems (ITS) are such learning systems that provide adaptive/personalized
learning supports or feedback to help individual students improve their learning performance based
on their personal information, such as the records in their profiles or learning portfolios (Walonoski
and Heffernan 2006). Adaptive learning systems can be viewed as a special kind of intelligent
tutoring system that adapts the presentation of educational materials to students’ needs.

Researchers have studied various issues concerning learning styles to better understand the model
of learning and the learning dispositions/preferences of learners. Educators have suggested that
teachers and course designers will pay attention to the learning styles of the students and
appropriately plan teaching and learning activities (Coffield et al. 2004). Brusilovsky (2001) has
indicated that two adaptation approaches can be used in developing such systems, that is,
‘‘adaptive presentation’’ that presents personalized content for individual learners, and ‘‘adaptive
navigation support’’ that guides individual students to find the learning content with a personalized
path.
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2.4.1 Intelligent Tutoring System

Intelligent Tutoring Systems enable diagnostic assessment in order to identify student’s awareness,
misunderstandings and unique tutoring needs. The goal of the Intelligent Tutoring Systems is to
create content that effectively adapts to the knowledge and learning abilities of the learner to
optimize learning (Samuelis, L., 2007). Based on the evaluation the intelligent tutoring systems
are able to choose correct individualized tasks from a question bank (VanLehn K., 2011).

In contrast to computer-based systems such as CAL (Computer Aided Learning) or CBT
(Computer Based Training) intelligent tutoring systems adapt to the individual pupil's cognitive
profile and thus develop a model of their skills and expertise (Phobun, P., & Vicheanpanya, J.,
2010). In addition, intelligent tutoring systems are responsible for providing feedback based on
the mistakes, suggestions and tips of the student for each subject, resolving systematic solutions
for each question, as well as sample exercises that have been solved. An Intelligent Tutoring
System usually consists of four parts: the domain expertise, namely the knowledge of the subject
to be learned by the program, the pedagogical expertise, which is the control mechanism that
directs the teaching, the learner model, which is responsible for documenting all relevant student
information and for developing an specific learning profile for each student, and the interface.

Intelligent tutoring systems (ITS) extend the ‘one-size-fits-all' approach of traditional
computerized learning systems by capturing and modeling tutoring systems (ITS) expanding the
‘one-size-fits-all' approach of traditional computerized learning systems by capturing and
modeling individual traits used to personalize instruction (Brusilovsky and Peylo, 2003). This
includes delivering learning material in a style and order to fit the learner (e.g., by delivering
learning material tailored to preferred learning styles), as well as proactively assisting learners,
e.g. by offering informed input on in-complete or incorrect approaches and advice to assist learners
in problem-solving approaches. Within the area of study full or erroneous approaches and advice
to assist learners in problem solving.

2.4.2 Swarm Intelligence

A personalized approach to learning will involve students and provide timely input and effective
support to the students. The concept of Swarm Intelligence (SI), with its proven ability to solve e-
learning problems (Semet, Lutton, & Collet, 2003) through distributed and evolving behaviour and
the concepts were influenced by the study of various natural and social phenomena developed to
mimic bird flocking or insect swarming. Swarm Intelligence System (SIS) do not interact directly;
rather, they share information by leaving marks by studying their peers' surrounding positions.
Through the reactions of the individual agents to these indirectly transmitted knowledge, the entire
swarm will slowly become self-organized, and collective behaviours will emerge which can
demonstrate high intelligence. Swarm intelligence's main function is "to balance exploitation (of
the best known solution) and exploration (of the unknown solutions)™ (Dagli & Kilicay, 2006).
This function in such SIS facilitates adaptability in complex or unpredictable conditions, for
example in the next moment the best solution can become invalid (Di Marzo, Gleizes, &
Karageorgos, 2006; Holland, 1992).
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From the perspective of artificial intelligence (Al), the use of ant colony optimization (ACO),
algorithms are a subset, and one of SI's most successful strands (Bonabeau, Dorigo, & Theraulaz,
2000). Bonabeau and Meyer (2001) suggested that social insects are an evolutionarily productive
class of insects due to versatility, robustness and self-organization capacity that allows ACO accept
a natural process towards seeking the optimal solution for unknown open systems. The basic
philosophy of the ACO algorithm is as follows: a colony of ants” moves through different nodes
and their movement decision is influenced by trails and attractiveness, i.e. each ant gradually
constructs a solution to the problem by depositing the pheromone information. This pheromone
information will direct the search for following ants.

Swarm intelligence methods like ACO and Particle Swarm optimization are the most promising
social sequencing methods, while genetic algorithms and Memetic algorithms are the most often
used individual sequencing methods. The social sequencing approach does not take into account
the individual characteristics of both the learner and learning objects. The choice of the optimal
curriculum sequence is based on the collective path and performance of the entire learners’ society.
Several researchers are found which deal with selection of personalized learning paths dependent
on learning styles and use of the social sequencing approach to attain the selection.

2.4.3 Game-Based Learning

Game-based learning is the teaching learning practices that aim to improve problem-solving skills
of learners through the use of games in educational settings (Kirriemuir & McFarlane, 2004).
Computer games technology typically takes advantage of this to create a fun, inspiration, and
interactive experience (Tang & Hanneghan, 2011). Creation of game-based learning systems has
recently been seen as a groundbreaking trend in education. A study of the relevant literature
indicates that games for students of all ages can be a motivating motivator (Amory, 2011). Prensky
(2001) also noted that computer and video games are a combination of fun, play, rules, goals, and
challenges that offer learners pleasure, enthusiastic engagement, and motivation; moreover, games'
interactive features encourage learning.

Therefore, game techniques are included frequently as a positive component of personalized
learning. For example, Jung and Graf (2008) proposed an approach to Web-based learning of
vocabulary via personalized word association games to make learning vocabulary more attractive
to learners. Kalloo, Kinshuk, and Mohan (2010) employed personalized game-based mobile
learning to help secondary school students improve their mathematical skills. Moreover, it has
been found that game scenarios can provide learners with immediate rewards (Burguillo, 2010).

Some researchers have advocated that the school of future should be developed based on the
integration of innovation, interactive creativity, and new technology (e.g., Craft, 2005; Natriello,
2007; Sawyer, 2006). Games include problem-solving and adaptive learning (Prensky, 2005); by
proving difficult tasks and feedback, learners build their skills, create creative problem-solving
solutions, and ignite their flow and imagination further (Kiili, 2005; Prensky, 2001). Accordingly,
game-based learning should be an ideal tool for personalized learning.
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To date, however, only a few game based learning systems have been developed for creativity. For
instance, Yeh (2012) created a game-based learning framework to provide an interface for
evaluating the creativity of the learners. Chang, Wu, Weng, & Sung (2011) found that game-based
learning improved cognitive efficiency and motivation important to creativity. In the same vein,
Kangas (2010) used a creative playground filled with technical resources to build a curriculum-
based learning in which games were combined with co-creation, play, and computer games. The
findings showed that the incorporation of a playful learning atmosphere into teaching and learning
is a successful way of promoting creativity. Table 3 highlight the summary of the use of Al in
personalized learning by some authors in general.
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Table 3. Summary of the use of Al in Personalized Learning.

Authors

Finding/Focus

(Chaudbhri, Lane, Gunning, and

Roschelle, 2013)

(teachthought.com)

(Rudd, 2008)

(Garcia et al., 2007)

(Garcia-Valdez et al., 2010)

(D’Mello and Graesser,
2012b)

(Leontidis and Halatsis, 2009)

(Latham et al., 2014)

2012a,

The authors recognizes the need to increase the effectiveness of teachers, to increase student
participation, and to build a twenty-first century education system that maximizes every
student's potential using AI’s intelligent tutoring systems (ITSs) that could adapt and
customize the instruction to the student's individual needs.

Highlighted on some roles of Al in education such as systems to track student progress and
to alert teachers when there might be a problem with student performance, intelligent
computer systems help to make any aspect of the college experience more closely tailored to
student needs and interests, help students learn how to manage trial and error is a far less
challenging solution etc.

Outlines the key principles of personalized learning and proposes that personalization
“increase learner choice and voice” with delegated powers and greater locus of control.

Evaluate Bayesian networks in detecting a student's learning styles in a web-based education
system based on how the student learns: reflecting or acting; slowly or in fit and start;
intuitively or sensitively.

Examines the use of fuzzy inference for the recommendation of learning objects, this allows
the teacher to assume the role of facilitator, making recommendation where necessary, but
encouraging students to cooperate where possible.

Proposed AutoTutor and Affective AutoTutor as an intelligent tutoring system that assists
students by communicating with them in natural language with adaptive conversation
movements close to those of human tutors with descriptions of complex concepts and critical
thinking.

Integrate the learning style and personality traits into an improved Affective Style that is
stored in the learner's model.

Computerised learning has shifted from content delivery towards personalised online learning
with Intelligent Tutoring Systems, adaptation algorithm and its application to the Felder—
Silverman learning styles model.
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(Walonoski and Heffernan 2006)

(Phobun, P., & Vicheanpanya, J.,
2010)

(Semet, Lutton, & Collet, 2003)

(Bonabeau, Dorigo, & Theraulaz,
2000)

Proposed a personalized game-based learning approach focused on the gaming style
sequential suggested by Felder and Silverman through which a role-playing game was
implemented.

The authors define a conceptual for the integration of ITS and adaptive hypermedia into
Adaptive Intelligent Tutoring System (AITS) for e-learning systems that enables information
to be stored in a manner that is not only independent of the knowledge domain, but also
supports the storing of knowledge transfer relationships and pre-requisite knowledge
relations.

Identifies ability to solve e-learning problems using swarm intelligence through distributed
and evolving behaviour developed to mimic bird flocking or insect swarming.

Adopting Al, this research examines intelligent multi-agent system using ant colony
optimization algorithms by taking inspiration from the collective behaviour of social insects.
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3.0 METHODOLOGY

Johnson and Christensen (2012: 31) stated that a paradigm is an approach about research or doing
research. The authors identified qualitative, quantitative, and mixed research as the three main
paradigms of research in education.

Quantitative research relies on the quantitative data collection (i.e., numerical data) and follows
the other characteristics of the quantitative research model shown in Table 4. The quantitative
research methodology follows mainly the confirmatory scientific method, as its emphasis is on
testing theories and testing theory. Quantitative researchers find it primarily necessary to state
one's hypotheses and then use empirical evidence to check those hypotheses and see whether they
are supported (Johnson & Christensen, 2014: 82).

Qualitative research relies on the collection of qualitative data (i.e., non-numerical data such as
words and pictures) and follows the other characteristics of the qualitative research paradigm
shown in Table 4. Qualitative research primarily follows the scientific method of discovery and is
used to explain what is found locally, and often to create or produce new hypotheses and theories.
Qualitative research is used when a subject or phenomenon is little understood and one wants to
explore or understand more about it. It is commonly used to understand the experiences of people,
and to express their views (Johnson & Christensen, 2014: 82).

Mixed methods include the combining of processes, techniques, or other model properties in
quantitative and qualitative study. The exact mixture deemed acceptable will depend on the
research questions and the situational and realistic issues a researcher is facing (Johnson &
Christensen, 2014: 82). Researchers promoting mixed research claim that the use of both the
exploratory and confirmatory methods in one's work is necessary (R. B. Johnson & Onwuegbuzie
2004).
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Table 4. Emphasizes of Quantitative, Qualitative and Mixed Methods.

Quantitative

Qualitative

Mixed Methods

Scientific Method

Ontology (i.e.,
nature of reality or
truth)

Epistemology (i.e.,
theory of
knowledge)

Most common
research objective

Form of data
collected

Nature of data

Data analysis

Confirmatory or “top-down”-
the researcher test hypothesis
and theory with data.

Obijective, material,
structural, agreed-upon

Scientific realism; search for
truth; justification by
empirical confirmation of
hypothesis

Numerical description,
casual explanation and
prediction

Data based on precise
measurement using
structured and validated
data-collection instrument

Variables

Identify statistical
relationships among
variables

Exploratory or “bottom-down”- the
researcher generates or construct
knowledge, hypotheses.

Subjective, mental, personal, and
constructed.

Relativism; individual and group
justification; varying standards.

Subjective description, empathetic
understanding, and exploration

Data such as in-depth interviews, open-
ended questions and field-notes. The
researcher is the primary data-collection
instrument.

Words, images and categories

Use descriptive data; search for patterns,
and holistic features; and appropriate
difference/variation

Confirmatory and Exploratory.

Pluralism, appreciation of
objective, subjective and
intersubjective realities and their
interrelations.

Dialectical pragmatism; pragmatic
justification (what works for
whom in specific contexts).

Multiple objectives; provide
complex and fuller explanation
and understanding; understanding
multiple perspectives.

Collect multiple kinds of data.

Mixture of variables, words,
categories and images.

Quantitative and qualitative
analysis used separately and in
combination.

\ Note: This was primarily adapted from Johnson & Christensen, 2014 84.
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The three main educational research trends are qualitative research, quantitative analysis, and
mixed analysis. These three practices are all-important and have meaning. Qualitative research
tends to use the scientific exploratory method to generate hypotheses and develop understandings
about specific people, places, and groups (e.g., in case studies, ethnography, phenomenology, and
historical research). On the other hand, quantitative work is usually carried out under more closely
regulated conditions and aims to use the confirmatory scientific method, concentrating on the
testing of theories and theory. Quantitative researchers are aiming to identify specific patterns of
thought and action and to generalize broadly. Mixed methods involves mixing qualitative and
quantitative research into single studies and combining them. This is based on the pragmatism
principle (i.e. what works are important to remember when addressing research questions) and
critical principle (i.e. what works are compatible with the methodological characteristics of the
research questions). Mixed methods sequential exploratory design was used to aid this study
through the qualitative (first) phase to the quantitative (second) phase (Figure 2), the first phase
was open and closed-ended interviews and analysing data and the second phase was surveys and
analysing data but due the time constraints, the study cannot maximize the phase to its potential.

Qualitative Identify Quantitative
) important ) Overall
Data collef:tlon, concerns and Data colle.ctlon, Interpretation
analysis. ideas analysis.
A A
Phase One: Phase Two:
Interviews Surveys

Figure 2. Fuentes’ (2008) sequential exploratory mixed methods design. Source (Hesse-Biber,
2010: 459).

The aim of this research is to gain an understanding of existing studies and discussions relating to
the study area. As with all research, the value of an academic review depends on what was done,
what was found, and the clarity of reporting (Moher et al., 2009). Regardless of the discipline when
reading article, the author begins by describing previous research to map and assess the research
area to motivate the aim of the study and justify the research question and hypotheses. A literature
review may be the best methodological tool for providing answers for a number of research
questions. For example, reviews are useful when the researcher needs to test theory or evidence in
a given area or investigate the validity or consistency of a specific theory or competing theories
(Tranfield et al., 2003).

According to Akobeng, 2005, in management sciences, where random controlled trials are often
not available, the next 'best' form of proof is a systematic literature review of other published
studies and involves the assembly, critical evaluation, and synthesis of all applicable studies
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answering a particular question. The aim of a systematic review is to find all empirical evidence
that matches the pre-specified inclusion criteria to answer a particular question or hypothesis of
the study. Bias can be reduced by using clear and systematic methods when evaluating papers and
all available facts, thus presenting accurate results from which conclusions can be drawn and
decisions made (Moher et al., 2009). Therefore, this study review journal articles that fall within

the scope of both “personalized learning”, “adaptive learning” and “artificial intelligence” in
learning.

3.1 Search Process

The search process was a manual search of specific conference proceedings and journal papers
since 2000 to ensure that there are adequate data to observe and how these articles can be mapped
using the various techniques and also the term systematic literature review was not in common
usage in the time period during which literature reviews was published in 2000. The selected
journals, conferences and the number of articles published are shown in Table 5. The journals
were selected because they were known to include either empirical studies or literature surveys,
and to have been used as sources for other systematic literature reviews related to either both
“personalized learning”, “adaptive learning” ,“artificial intelligence in learning”, “machine
learning” and “deep learning”. Table 6 shows a list of selected Top 1 and 2 CNRS journals for
this research publication.
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Table 5. Selected journals and conference proceedings.

Sources Articles

Computers & Education 55
IEEE Transactions On Learning Technologies

Educational Technology & Society

Artificial Intelligence In Education AIED 2019 Pt li

Edulearn15: 7th International Conference On Education And New Learning Technologies
BMC Medical Education

Journal Of Engineering Education

10th International Conference Of Education Research And Innovation (lceri2017)

2011 4th International Conference Of Education Research And Innovation (ICERI)

2016 IEEE 8th International Conference On Technology For Education (T4e 2016)

2017 IEEE 17th International Conference On Advanced Learning Technologies (ICALT)
26th International Conference On Computers In Education (ICCE 2018)

8th IEEE International Conference On Advanced Learning Technologies Proceedings

9th International Conference The Future Of Education

Best Practices For The Knowledge Society: Knowledge Learning Development And Technology For All
Edulearn14: 6th International Conference On Education And New Learning Technologies
Eurasian Journal Of Educational Research

Hybrid Learning And Education Proceedings

IEEE International Conference On Advanced Learning Technologies Proceedings
Inted2012: International Technology Education And Development Conference

Inted2016: 10th International Technology Education And Development Conference
Intelligent Tutoring System Proceedings

Interactive Learning Environments

International Journal Of Stem Education

International Journal Of Technology And Design Education

Journal Of Computing In Higher Education

Learning And Collaboration Technologies: Novel Learning Ecosystems LCT 2017 Pt |
New Technologies And Redesigning Learning Spaces Vol |

N
[

PR RPRPRPRPRPRPRPRPRPRPRPRPRPREPRPREPREPREPENNNWWO®



Proceedings Of The 11th European Conference On E-Learning

Proceedings Of The 14th European Conference On R-Learning (ECEL 2015)

Proceedings Of The 2018 International Seminar On Education Research And Social Science (ISERSS 2018)
Proceedings Of The 8th European Conference On E-Learning

Proceedings Of The 8th International Conference On Computer Supported Education Vol 1 (CSEDU)
Proceedings Of The 9th European Conference On Games Based Learning (ECGBL2015)

Proceedings Of The 9th International Conference On Computer Supported Education (CSEDU) Vol 1

Proceedings Of The 9th International Conference On Computer Supported Education (CSEDU) Vol 2
Proceedings Of The International Conference On The Development Of Education In Russia And The Cis Member

el el

States (IICEDER 2018) 1
Proceedings Of The Third (2016) ACM Conference On Learning @ Scale (L@S 2016) 1
Science & Education 1
Table 6. Top 1 & 2 CNRS Journal for publications.

Sources ISSN Domaine Category (Cat)
European Journal of Information Systems 0960-085X Sl 1
Information Systems Research 1047-7047 S 1
Journal of MIS 0742-1222 Sl 1
Information and Management 0378-7206 S 2
Information and Organization 1471-7727 Sl 2
Information Systems Journal 1350-1917 S 2
Journal of the Association for Information Systems 1536-9323 Sl 2
Journal of Information Technology 0268-3962 Si 2
Information Technology and People 0959-3845 Sl 3




As shown in Figure 3 there were 124 articles from the aforementioned journals and conference
proceedings (Table 6) in the area of Educational Education Research with an Annual Percentage
Growth Rate of 8.01%. On average, 7.22 related articles are published in these journals each year
with 2009 and 2019 recording the highest years of publications that is 15 and 16 respectively.
There was a decrease in the number of publications in 2010, but it then rose to by the end of 2019,
thus highlighting an increased interest in artificial intelligence technologies. In 2020, up to the
beginning of this SLR (April 2020), only four (4) studies were identified.

Annual Scientific Production
18
16
14
12

10

No. of articles

2002 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020

Year

Figure 3. The distribution of articles published on personalized learning, adaptive learning and
artificial intelligence in learning from 2002-2020.

In addition, some studies have been widely accepted and frequently cited. For example, Chen and
Chung (2008) proposed a personalized mobile English vocabulary learning system based on item
response theory and the learning memory cycle, which recommended appropriate acquisition of
English vocabulary receiving 448 citations in Google Scholar.

Amandi, Garcia, Schiaffino, & Campo (2008) proposed eTeacher: Providing personalized
assistance to e-learning students, the proposed agent, eTeacher, detects a student’s learning style
automatically using Bayesian model to infer the learning style given the observation of certain
student behaviours. This study has also received 290 citations.

Hussain, Zhu, Zhang, Abidi, and Ali (2019) have recently developed a framework using machine
learning algorithms such as Vector Machine Support, Logistic Regression, Naive Bayes Classifier,
and Artificial Neural Networks. The objective of this study is to predict the difficulties that students
will encounter in a subsequent digital design course session thereby providing guidance to teachers
using the Technologically Enabled Learning (TEL) method. This research is motivated by the
influence of artificial intelligence (Al) in the learning process, a systematic review of
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adaptive/personalised learning is needed to identify the development, patterns and future directions
of study, and focuses on learning technologies such as language learning (Golonka, Bowles, Frank,
Richardson, & Freynik, 2014), mobile learning (Fu & Hwang, 2014)

Towards promoting a learner-centric learning experience, personalization techniques and
intelligent methods are employed in digital learning environments that is worth investigating. More
importantly, such a review of adaptive/personalized learning can facilitate the understanding of
“how ICTs are exploited for implementing and supporting adaptive/personalized learning”
(Dawson et al., 2010) and “what are the appropriate contexts for providing adaptive/personalized
learning” (Butoianu, Vidal, Verbert, Duval, & Broisin, 2010).

3.2 Research Question
In view of the above, the following research questions are investigated in the study and the sub-
questions were derived to answer them:

I RQ1: What is the purpose of artificial intelligence (Al) and adaptive/personalized
learning?
a. Definitions of adaptive/personalized learning.
i. Certain similarities between the two terms i.e. adaptive learning and
personalized learning.
b. Definitions of artificial intelligence.
i. Intelligent Tutoring Systems (ITSs) in personalized learning.
ii. Game-based learning (GBL) in personalized learning.
iii.  Swarm Intelligence (SI) in personalized learning.
ii. RQ2: How does personalized learning affect student achievements?
i. Can personalized learning improve students/learners’ achievement.
ii. Highlight the role of Al in students’ evaluation.

3.3 Research Methods

This research has been undertaken as a systematic literature review as proposed by Kitchenham at
al., 2004. A systematic review includes a thorough search of designated databases or repositories
(e.g., Web of Science and Scopus). Reviews of related literature used Boolean parameters such as
“adaptive learning” or “personalized learning”, “artificial intelligence in learning”, (“adaptive
learning” OR “personalized learning”) AND (““artificial intelligence” OR “machine learning” OR
“deep learning”) concerning the research questions and limitation and filters within Web of

Science and VVosViewer was used for analyzing bibliometric network.

3.3.1 Inclusion and exclusion criteria

The publication period was set as two decades (2000 to 2020) to ensure sufficient data is available
on relevant data, and the form of publication set as “article” and “conference proceedings”. Since
"adaptive learning” is also a concept in computer science in the field of machine learning, we set
the category as “education educational research.” There were totally 124 articles in the query

27



results and evaluated using the following inclusion criteria to ensure that these articles were
genuinely relevant to adaptive/personalized learning and artificial intelligence in learning.

8 April 2020

124 records identified through search of electronic database; Web of Science (Wos) by using
Boolean parameters “adaptive learning”, “personalized learning”, “artificial intelligence”,
(“adaptive learning” OR “personalized learning”) AND (“artificial intelligence” OR
“machine learning” OR “deep learning”).

The period: 2000-2020, Publication type: Article, Conference proceeding, Category:

Education Educational Research.

119
abstracts
& titles

5 duplicates identified and removed in
Zotero the electronic database.

15 could not be retrieved
1 not primary research or journal article — 51 excluded papers
35 not linked to research objective

25 April 2020
Articles included for synthesis
in Mendeley Desktop.

68 full
papers

Figure 4. The procedures for data collection and processing. (Primarily adapted from Zawacki-
Richter et al., 2019: 7)

Each article must be relevant to the use of e-learning systems and Al techniques to support
adaptive/personalized functions, e.g. learning paths to incorporate specific adaptive/personalized
teaching and learning activities and learners’ achievement or performance as shown in Figure 4.
By double-checking the articles, five (5) articles were eliminated for been duplicate and based on
the inclusion criteria, 51 irrelevant articles were filtered out, 68 articles included for synthesis for
this research. For example, Christos, Akrivi and Cleo (2019) designed and implemented Quiz Time
that is an intelligent mobile game-based learning application for assessing and advancing learners’
knowledge in the programming language C# and Wakelam, Jefferies, Davey and Sun (2015)
discussed existing intelligent learning/training systems and explored the contemporary Al
techniques to improve e-learning systems.
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In VosViewer, co-occurrence analysis was used to generate this research's network of co-
occurrence keywords, as shown in Figure 5. A density heat map that visually displays the
occurrence of high frequency and related words in “adaptive learning”, “personalized learning”
and “artificial intelligence in learning” and its publications. The data is Figure 5 is displayed as
labels and the corresponding heat map area. The colour of the area centered the corresponding
label (all keywords) which depends on the number of articles published. The larger the number is
the warmer (redder) the colour is while the smaller the number is, (bluer) the colour is. As shown
in Figure 5, the keywords with larger nodes are at the central positions of blocks in this density

view.

mobile learning

model

: artificial intelligence
pedagogical issues :

students

collaborative learning technology

interactive learning environn

-

\
. ) : . machine learning

*

hypermedia

instruction

performance
.

6% VOSviewer

Figure 5. Density of Keywords co-occurrence network of adaptive/personalized learning.

Observe that personalized learning, intelligent tutoring system and adaptive learning are in the
central positions (reddish) of the map. Keywords co-occurrence analysis is used by analysing their
co-occurrence relationship in a large number of documents to examine the correlation strength
between co-occurrence keywords. Cluster 1, label item: intelligent tutoring system has the highest
occurrence of 14 with links of 13 and a total link strength of 24. Cluster 2, label item: adaptive
learning has the second occurrence of 13 with links of 10 and a total link strength of 17 and Cluster
3, label item: personalized learning has the least occurrence of nine (9) with links of nine (9) and
a total link strength of 19.
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Figure 6. Co-citation analysis network of references cited by adaptive/personalized learning and
artificial intelligence in learning publications period 2000-2020.

In Figure 6, the co-citation analysis network was conducted to see the trends within the cited
references n=4190, when the minimum number of citations of a cited reference was adjusted and
restricted to n=3, the results showed that only 61 met the threshold. However, since the minimum
number of citations was adjusted in the co-citation included a large proportion of the data and old
publication and recent publications were included. The result in Figure 6 was presented based on
the total linking strength of the co-citation with other cited references; the size of the corresponding
circle indicates the importance of publications within the network map, the distance between
articles and the number of citations received by those articles. The distance between two articles
explains the overlap between them that is the closer they are; the more overlap between cited works
by these publications.

The Clusters identified were Cluster 1 (Red Colour), Cluster 2 (Green Colour), Cluster 3 (Blue
Colour), Cluster 4 (Purple Colour) and Cluster 5 (Light Green Colour). According to Cluster 1
(n=18), Brusilovsky (2001) has reviewed existing work on Adaptive Hypermedia, which
constructs an individual user model and applies adaptation to that user knowledge, goals or
suggests the most relevant links to follow. In Cluster 2 (n=13), (Aroyo et al., 2004) proposes a
modular semantic-driven and service-based interoperability framework for accessing, exchanging
and reusing educational systems' material and information components, Cluster 3 (n=11), Chen et
al., 2005 proposes PEL-IRT that considers learning materials' difficulty and learners' ability to
provide individual learning paths. Moreover, Cluster 4 (n=10), a content analysis on educational
hypermedia to address learning styles which one third of the study presented a model with the
student without empirical evaluation, however, several studies reported that the suggested models
affected student satisfaction and performance (Akbulut, 2012). In addition, Cluster 5 (n=7), Chen
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and Li (2010) proposed that ‘context’ is an important consideration in the language learning
process and can enhance learner learning interest and efficiency through a personalized context-
aware ubiquitous learning system.

In Figure 7, illustrates bibliographic coupling of documents. According to Van Eck and Waltman
(2014: 3), bibliographic coupling is useful for displaying the overlap of references in the research
results by showing the strengths of an output based on the number of citations that two outputs
might have in common. The bibliographic network with five clusters of references cited by the
119 publications between 2000 and 2020 with a minimum number of citations of a documents
(n=30), of the publications 33 meet the threshold.

Cluster B
a2 Cluster C

ehen(Z005)  cher|(2008a)
zeng{200¢) 100i2009)

chu @1 0)

L
chang {2003}
lin(2p13) "\ tSe/IZgd008)
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aroy a2 006) T T o
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R Cluster D

Figure 7. Bibliographic coupling based on documents published between 2000 and 2020.

Cluster A (n=9), Learning style framework for tailoring and adapting to eLearning. It manages
the generation of personalized courses from suitable learning node repositories and ensures the
maintenance of such courses, for continuous adaptation of the learning material proposed to the
learner (Limongelli, Sciarrone, Temperini & Vaste, 2009), and this cluster was located at the center
with a total link strength of 21 to other clusters.

Cluster B (n=7), Bayesian network models proposed in a Web-based education system since all
the students can learn despite their different learning styles was evaluated in the context of Al
Web-based course to detect how students can learn: reflecting or acting; intuitively or sensitively
(Garcia et al., 2007) and has a citation reference of 194.

Cluster C (n=6), (Tseng et al., 2008) focuses on innovative adaptive learning based on two
sources of personalization information, that is; learning behavior and personal learning style but
previous research of adaptive learning was centered on enhancing student learning performance
based solely on a single source such as learning style or learning experience.
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Cluster D (n=4), Lin, Yeh, Hung and Chang (2013) developed a personalized creativity learning
system based on data mining technique of decision trees to provide personalized learning paths for
optimizing the performance of creativity.

Cluster E (n=4), emotions assessment instrument emWave is applied to assess variations in
emotional states for verbal and visuals during learning processes to investigate how different
multimedia materials affect individual performance and emotion (Chen & Sun, 2012).

3.3.2 Coding Scheme

To investigate and analyse the impact of artificial intelligence in adaptive/personalized learning,
the coding scheme of this study was developed. These are as follows; code for similarities between
adaptive learning and personalized learning, code for artificial intelligence techniques or
technologies, code for learning outcomes or achievements and code for contribution of Al and
other technologies in assessing personalized learning as a technology to help students’
achievement.
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4.0 RESULTS

As aforementioned in Figure 2, phase one (interviews) in this research aimed at explanatory

interview with a researcher in the domain of educational technology in the classroom then followed

by phase two (surveys).

4.1 Similarities between adaptive learning and personalized learning.
To understand adaptive learning as a methodology that provides personalized learning through
effective and tailored learning for every learner, there is the need to compare some similarities

between the two concepts in Table 8.

Table 7. Comparison between adaptive learning and personalized learning.

Adaptive Learning

Personalized Learning

Adaptive learning uses a data-driven approach
to change the learning direction and speed,
which enables personalized learning to be
implemented on a scale.

Adaptive learning refers to the technologies
monitoring student progress using data to
modify instruction at any time.

Adaptive learning uses hypermedia to adapt
dynamically to the student experiences and
performance levels of a course content based
on the profile of the learner.

Personalized learning is learner-centered
which  emphasizes on student-driven
instructional objectives, content and pace.

Personalized learning refers to instruction
in which the learning pace and the teaching
approach are optimized for each learner's
needs.

Personalized learning also requires the use
of technology to facilitate student learning
and to provide tools for individual pacing
and more efficient assessments to inform
and tailor instruction.

4.2 Distribution of Artificial Intelligence (Al) techniques
Of the relevant articles (n=32), focused on artificial intelligence techniques that can be used to

improve technology-enhanced learning. Various Al techniques have been used in adaptive

educational systems. Neural networks, fuzzy logic, ant colony optimization, decision tree and
Bayesian networks with 40%, 20%, 13% and 7% frequency respectively, were the most frequent
artificial intelligent techniques applied as shown in Figure 8.
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Figure 10. The distribution of technologies contribution to assessing personalized learning to
help students’ achievement.
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4.3 Distribution of learning outcomes.

Among the inclusion articles (n = 23), focuses on reporting learning outcomes as reviewed by the
authors. The learning outcomes was categorized into the following sub-categories: expectation of
learning engagement, learning motivation, self-efficacy/confidence and learning experiences of
students. Figure 9 illustrates the distribution; learning experience is the most frequently measured
in these studies. For example, (Looi et al., 2009) used mobile, handheld technologies to create a
broad variety of personalized learning experiences through group meetings to exploit the
variability in lesson enactment to students or learners. Wang and Kang (2005) create a cybergogy
model to create cognitive, socially and emotionally engaging learning experiences for distance
learners with diverse backgrounds. In which learners set their own goals, explore suitable
resources, work with others in groups and build knowledge in meaningful ways.

Individualized learning paths will contribute to increased motivation as students engage with
subjects they are interested in and feel responsible for developing their own learning paths with
regard to material, preferences, needs, and skills to allow a more comprehensive and
transdisciplinary information evolution. (Tseng et al., 2008) uses post-hoc comparisons between
two groups that showed that adaptive learning facilities are helpful to students in improving their
learning achievements or learning efficacy. The system (TSAL) record the online behaviours of
each student, including unit learning time, idle time, response time, unit test score, unit learning
efficiency, absorbed, and difficulty level then perform a test to evaluate the learning achievements
of students, such that the feasible version of the next subject unit can be determined.

4.4 Distribution of technologies contribution to assessing personalized learning to help
students’ achievement.

There are four (4) main categories, namely intelligent tutoring systems, artificial intelligent, mobile
game based learning/gamification/mobile learning and swarm intelligence/ant colony optimization
for distribution of technologies contribution to assessing personalized learning to help students’
achievement as shown in Figure 10. Among the articles (n=68), 45.6% (n=31) involved intelligent
tutoring systems (ITS) contribution to adaptive/personalized learning, 39.7% (n=27) involved
artificial intelligence, 11.7% (n=8) involved game based learning/mobile game-based
learning/gamification, while 2.9% (n=2) involved swarm intelligence/ant colony optimization.
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5.0 DISCUSSION
5.1 Research issues related to similarities and Al techniques

As noted in Section 4.1, there are similarities between adaptive learning and personalized learning.
Adaptive learning is about making learning personal that enables educators to help their students
or learners achieve learning outcomes through personalization. Personalized learning is about what
you want, while adaptive learning is about what you need, however, both help in personalized
learning experience. From the explanatory interview, it was found that adaptive learning aims at
providing efficient, effective and learning paths for engaging every student while, personalized
learning focus on learning path of each student. Furthermore, adaptive/personalized learning being
seen as a technology or teaching methods, both have the same elements that is; individual
differences, individual performance, and adaptive adjustment that make learning more individually
meaningful.

In addition, Section 4.2 indicates that artificial neural networks is the most frequently used Al
technique of the relevant articles (n=68). Hussain et al., 2019 developed a system that uses
machine-learning algorithms predict students' difficulty while undergoing courses taken online,
thus giving instruction to teachers using the Technology Enabled Learning (TEL) system, while,
an in-depth survey of the different artificial intelligence techniques employed for adaptive
educational systems within e-learning platforms like fuzzy logic, Bayesian networks, and genetic
algorithms (Almohammadi et al., 2017). These techniques enable Al to deliver adaptive
instruction, guidance and evaluate learners or students.

e Neural networks consisting of a large number of highly connected processing nodes which
work in unison to solve specific problems.

e Decision trees that allow us to create a tree-like picture of decisions and alternative next
steps and to identify a strategy for achieving a defined objective.

e A dynamic advice generator that uses fuzzy logic to provide learners with adaptive help
based on learner assumptions and their profile. The advice generator offers cognitive
advice for learners, namely descriptive feedback to improve the learning strategy.
(Troussas et al., 2020)

e Ant Colony optimization is an algorithm used to evaluate the optimal paths in data and
processes in a manner close to the way the ants behave.

e Bayesian networks detect the learning style of a student or leaner in a web-based education
system which is used to detect how students learn: reflecting or acting; steadily or in fits
and starts; intuitively or sensitively (Garcia et al., 2005)

5.2 Research issues related to learning outcomes

As mentioned in Section 4.3, learning experience and learning engagement were with high
frequency per the articles. During the interview; it was found that adaptive/personalized learning
is very good at improving rote learning based on performance however there is a lot of work around
higher order thinking since its attract less attention due to the complexity processes and are not
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easy to measure. For example, (Xie et al., 2019) critical success factors to evaluate the higher order
thinking in adaptive learning environment using qualitative comparative analysis (QCA) and the
method cannot be used on a large scale. In terms of learning engagement, it was found from the
interview that the use of electroencephalogram (EEG) has shown to improve learner’s engagement
in terms of their attention through the indirect process and that has actually improved their overall
performance on a basic knowledge test.

5.3 Research issues related to the role of Al in learning

According to Section 4.4, the four (4) main categories are all using Al techniques or technologies
in adaptive/personalized learning. Table 9 shows adaptive/personalized learning system in
facilitating learning per the inclusion study, these systems adjust the learning experience based
upon the student’s progress, increasing the level of difficulty when they are progressing well, and
slowing down if they need further instruction and below are systems that are dominated by those
focussed upon the education sector.

Table 8. Adaptive/personalized learning system.

System/Method Developed By Type
AutoTutor University of Memphis Intelligent tutoring system
ALEKS (Assessment and New York University and the Intelligent tutoring system

Learning in Knowledge Spaces)
PEL-IRT  (Personalized e-
learning system based on Item
Response Theory)

AXIS (Adaptive eXplanation
Improvement System)

Protus

PeRSIVA

TenselTS
DreamBox
eTeacher
MATHia

SmartTutor

University of California, Irvine
Sponsored by National Science
Council of the Republic of China

Presented by (Williams et al.,
2016)

Presented by (Klasnja-Mili¢evi¢
etal., 2010)

Department of Informatics,
University of Piraeus

DreamBox
Presented by (Garcia et al., 2005)

University of Hong Kong

Intelligent tutoring system

Adaptive Learning

Personalized learning

Adaptive and/or
personalized tutoring
system

Intelligent tutoring system
Adaptive Learning
Personalized learning
Adaptive Learning
(Cognitive Tutor)
Adaptive Learning

In addition, results from the conducted interview indicate that because Al technologies are already
developed for mobile phones. For example, Chen and Chung (2008) adopted the Item Response
Theory (IRT) to recommend the appropriate English vocabulary based on individual learning
capabilities and memory curves to facilitate personalized vocabulary learning.
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6.0 CONCLUSION

This study presents a systematic review of academic literature that explores Al's role in learning
and answered some important research questions regarding similarities between
adaptive/personalized learning, learning outcomes and some Al techniques in the relevant
literature published between 2000 and 2020.

Also, the similarities between adaptive/personalized learning were made clear based on the three
(3) element found that is individual differences, individual performance, and adaptive adjustment
that make learning more individually meaningful. However, the terms "adaptive learning" and
"personalized learning" are different; in different studies they are often used interchangeably (Lin
et al., 2013). As the number of smartphones or mobile devices is increasing rapidly on learning
process and facilitating adaptive/personalized learning, the results has recommended Al in
learning and adaptive/personalized systems on wearable devices. According to (Borthwick et al.,
2015), wearable devices can serve as a valuable asset in the classroom, enhancing instruction
differentiation and student engagement. In terms of learning outcomes and the process of
adaptive/personalized learning, higher order thinking attracted little attention due to complexity
processes, difficulty of measurement, and limited types of learning support.

To sum up, this study suffers from a number of limitations; in particular, the study was restricted
to a manual search of articles on Web of Science, time constraint since the study was to conduct
more explanatory interviews from researchers in the subject domains. Moreover, this study
discusses the Al techniques such as fuzzy logic, Bayesian network, artificial neural networks, etc.
that are contributing to adaptive/personalized learning, learning outcomes, technologies
contribution to assessing personalized learning to help students’ achievement and swarm
intelligence, game-based learning, intelligent tutoring systems which helps to facilitate learning
process in adaptive/personalized learning.
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GLOSSARY
Adaptive Intelligent Tutoring Systems (AITS) for e-learning systems that allows knowledge to be
stored in such a way that is not only independent of the knowledge domain, but also supports the
storage of transfer knowledge relationships and prerequisite knowledge relationships.

Ant colony optimization algorithm (ACO) is a probabilistic technique for solving computational
problems which can be reduced to finding good paths through graphs.

Artificial General intelligence or “Strong” Al refers to machines that exhibit human intelligence.
In other words, AGI can successfully perform any intellectual task that a human being can.

Artificial Intelligence (Al) sometimes called machine intelligence is intelligence demonstrated by
machines, in contrast to the natural intelligence displayed by humans and animals.

Artificial Intelligence in Education (AIEd) is applying artificial intelligence technology to the
field of education and using it in students’ learning at schools.

Artificial Narrow Intelligence (ANI) also known as “Weak” Al is the Al that exists in our world
today.

Artificial Super Intelligence (ASI) will surpass human intelligence in all aspects from creativity,
to general wisdom, to problem solving.

Computer Aided/Assisted Learning (CAL) is a self-descriptive term that literally means learning
with computers.

Computer-based training (CBT) is any course of instruction whose primary means of delivery is a
compulter.

EDUCASE is a nonprofit association whose mission is "to advance higher education through the
use of information technology.” Membership is open to institutions of higher education,
corporations serving the higher education information technology market, and other related
associations and organizations.

Game-based learning (GBL) can be defined as “learning that is facilitated by the use of a game.”

Hypermedia-based English Learning system for Prepositions (HELP) provides non-native English
language diagnosis speakers with remedial instruction according to their assessment results.

Information and communications technology (ICT) is an extensional term for information
technology (IT) that stresses the role of unified communications and the integration of
telecommunications (telephone lines and wireless signals) and computers, as well as necessary
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enterprise software, middleware, storage, and audio visual systems, that enable users to access,
store, transmit, and manipulate information.

Intelligent Tutoring Systems (ITS) is an eLearning system that can adapt to an individual learner.

Item Response Theory (IRT) (also known as latent trait theory, strong true score theory, or modern
mental test theory) is a paradigm for the design, analysis, and scoring of tests, questionnaires, and
similar instruments measuring abilities, attitudes, or other variables.

Natural Language Processing (NLP) is a subfield of linguistics, computer science, information
engineering, and artificial intelligence concerned with the interactions between computers and
human (natural) languages, in particular how to program computers to process and analyze large
amounts of natural language data.

Qualitative comparative analysis (QCA) is a data analysis technique for determining which logical
conclusions a data set supports.

Swarm Intelligence (SI) is) is the collective behavior of decentralized, self-organized systems,
natural or artificial. The concept is employed in work on artificial intelligence.

Systematic Literature Review (SLR) is a type of literature review that uses systematic methods to
collect secondary data, critically appraise research studies, and synthesize findings qualitatively or
quantitatively.

Teaching Assistant (TA) is a person who helps a teacher in a school classroom but who is not a
qualified teacher.

Technology Enabled Learning (TEL) aims to focus on increasing access to quality teaching and
learning by supporting policy formulation and innovation in the application of ICT in education,
and the development of ICT skills.

The electroencephalogram (EEG) is a method of brain exploration which measures the electrical
activity of the brain through electrodes placed on the scalp often represented as a route called
electroencephalogram.

The French National Centre for Scientific Research (French: Centre national de la recherche
scientifique, CNRS) is the French state research organization and is the largest fundamental
science agency in Europe.
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APPRENDIX A

Research Interview Guide

Objective: The objective of this research is to conduct a SLR on exploring the impact of
Artificial Intelligence in learning and adaptive/personalized learning geared towards learners’
achievement.

In-depth Questions

1.

8.
9.

In your opinion, what is adaptive learning (examples here) and personalized learning
(examples here)?

Avre there any similarities between adaptive learning and personalized learning? What are
the similarities?

What are the differences between personalized learning and traditional learning
approach?

Does adaptive/personalized learning technologies support traditional learning?
What are some of artificial intelligence technologies or techniques that are used to
facilitating learning? How?

Can adaptive/personalized learning help in improving learners’ achievement or
outcomes? How?

What are the roles of artificial intelligence in learning and does it support
adaptive/personalized learning and its purpose?

Is artificial intelligence an enabler to adaptive/personalized learning? How? / Why?
How do you see the future of Al in learning?

Conclusions

1.
2.
3.

Is there anything else that you would like to add?
Is there somebody who you can recommend me to converse related to my study?
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