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Chapter 6
Implementation of Adaptive Learning
Systems: Current State and Potential

Christof Imhof, Per Bergamin, and Stéphanie McGarrity

6.1 Introduction

Countless aspects of our lives have become increasingly digitalized in the past few
decades, learning being no exception. In the wake of digitalization, new forms of
learning have emerged such as distance learning or technology-based learning,
which are increasingly gaining importance today (Bergamin et al. 2012). Due to
their flexible nature, these new forms of learning allow learners more independence
and autonomy than ever before. Moreover, they overcome space-time barriers, thus
granting many people the opportunity to pursue academic studies in circumstances
that usually prevent or at least hinder such ambitions, e.g. full- or part-time employ-
ment or parenthood. Such flexibility allows for the inclusion of personal needs and
contexts, which can differ considerably between individual learners. In higher edu-
cation, such characteristics might be prior knowledge, learning skills, experience in
regard to certain topics, use of strategies or affective states. Even with these differ-
ences, learners are usually expected to develop the same competences throughout
their studies.

One way to achieve these comparable learning outcomes despite heterogeneous
preconditions is to continuously adapt the learning process to the needs of the learn-
ers. This and related concepts can be covered under the umbrella term adaptive
learning. In contrast to other technology-based learning approaches, adaptive learn-
ing enables the presentation of learning resources (e.g. content, support or naviga-
tion) in a dynamic form. This mostly occurs as a reaction to collected and evaluated
data which can change during the learning processes, e.g. due to learning progress.
In essence, adaptive learning systems continuously identify what a learner does or
does not understand and provide help accordingly until a certain learning goal is
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met. This help can take different forms. One described by Oxman and Wong (2014)
is the presentation of content situated just above the learner’s current level in order
to balance challenge and frustration. On this basis, adaptive learning has the poten-
tial to reduce dropout rates, lead to better learning outcomes and help students to
achieve their learning goals faster. The notion of providing learners with assistance
tailored towards their specific needs has a long history in pedagogy (e.g. in the form
of one-to-one teacher support). However, technology-based adaptive learning sys-
tems provide forms of adaptivity beyond what can realistically be accomplished in
traditional classroom settings in terms of resources or scale (cf. Koedinger
et al. 2013).

The overall research problem addressed in this chapter is how the theoretical and
conceptual foundation of an adaptive system needs to be specified in order for such
a system to be implemented successfully in a university setting. This chapter aims
to contribute the following to the discussion: We will first determine what it entails
for a learning system to operate adaptively. In order to characterise the research in
this area, we will then explore six basic questions in the design process of adaptive
learning systems: why, what, what to, when, where and how a system can or should
adapt (Brusilovsky 1996, 2001; Knutov 2012). We will also address the features and
functions that are central to adaptive systems, followed by an overview over the cur-
rent state of research in the area of adaptive learning. Practical implications and
future potential of the research will also be discussed.

6.2 Definition of Adaptive Learning

Adaptive learning may be viewed from different theoretical and disciplinary per-
spectives, which is reflected in the definitions found in the literature. Depending on
the perspective, the definitions may thus emphasise different elements. Jameson
(2003), for example, approaches adaptivity from a computer science perspective
and highlights the system’s interactivity and its adaptation to different users based
on user models (see below) as its core functionalities. He therefore defines a user-
adaptive system as “an interactive system that adapts its behaviour to individual
users on the basis of processes of user model acquisition and application that involve
some form of learning, inference, or decision making” (p. 2). Interactivity and a
focus on individual learners are elements also present in a more recent conceptual-
ization by Aleven et al. (2017). In contrast to Jameson (2003), the authors argue
from an educational point of view and further specify which kind of measure a
system should base its adaptation upon. The authors identify three conditions a
learning environment must meet in order to be considered adaptive. First off, its
design needs to reflect topic-related challenges that learners often encounter.
Secondly, the environment’s pedagogical decision-making has to be based on psy-
chological measures of individual learners (such as current knowledge, skills or
affective states). Lastly, it is required to respond interactively to learner actions. All
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three of these aspects require data about learners, which are either pre-existing (con-
dition 1) or collected and processed by the system (conditions 2 and 3).

In our view, these two definitions, although emphasising important learning-
related components of adaptivity, do not explicitly address instructional aspects of
adaptive learning. One element we deem crucial in this context is the monitoring of
changes regarding the learners’ progress. In our understanding, adaptive learning
thus refers to technologies that monitor learning progress and repeatedly or continu-
ously adapt the teaching process to the behaviours and needs of individual learners
(see Adams Becker et al. 2018).

6.3 Core Components of Adaptive Learning Systems
and Their Implementation

As indicated by the definitions of adaptive learning systems, there are certain ele-
ments that need to be accounted for when implementing such systems. Three core
elements commonly found in adaptive learning systems, regardless of their degree
of sophistication, are the domain model, the learner model and the adaptive model
(cf. Vagale and Niedrite 2012). The domain model (also known as content model or
expert model) refers to the content and structure of the topic to be taught, i.e. the
relationships between the domain elements, and can address the intended learning
outcomes as well as their sequence. The learner model (also known as user model
or student model) is — as the name implies — a representation of the learner. The
model consists of sensors and the learner modeller. The sensors capture and mea-
sure specific learner characteristics and pass the information to the learner modeller
which then either uses the information as is (e.g. age, gender, prior knowledge) or
further processes it (e.g. current knowledge, abilities, learning styles, motivational
or emotional state). Depending on what characteristics the sensors measure, learner
models can be either static or dynamic. While static models assess learner charac-
teristics once, dynamic variants repeatedly measure and update them. In order for
the learner model to be sound, the assessment of the learner characteristics (and the
ensuing inferences) needs to be reliable and valid (see Shute and Towle 2003). The
information from the sensors is in turn processed by the learner model and then
further relayed to the adaptive model (also known as adaptation model, instruc-
tional model, pedagogical model or tutoring model). This model combines the pro-
cessed information from the learner model with information from the domain
model. The adaptive model can proceed to adapt content, instruction, or recommen-
dations accordingly to support the learner in their progress. The model encompasses
an instructional strategy that determines not only what can be adapted but also the
context in which the adaptive process will occur.

Another way to look at adaptive learning systems is to focus on the design pro-
cess. One way to characterise this process and its facets is by considering the six
dimensions of the classic adaptive hypermedia approach (cf. Brusilovsky 1996): the
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goals, targets, sources, temporal contexts, situational contexts and methods/tech-
niques of adaptation. These dimensions can be rephrased as the following six ques-
tions: Why is adaptation wanted? What can or should a system adapt? What can or
should it adapt r0? Where and when can it be applied? And how does the system
adapt? These questions will be elaborated on in the following sections, starting with
the why question. Due to similarities between them, some of the subsequent ques-
tions will be bundled, specifically the when and where questions that both concern
the context of adaptation and the what and how questions which both address the
adaptive model. The relation between the three core components and the six ques-
tions is illustrated in Fig. 6.1.

6.3.1 Why Is Adaptation Wanted? The Reasons for and Goals
of Adaptation

The first didactic question for the development of adaptive learning objects or entire
systems is why adaptation of learning to particular needs is even desired (Knutov
2012). On the one hand, it relates to the identification and fulfilment of user-related
needs that require such methods and techniques in the first place (i.e. the goals of
adaptation). Through adaptive learning, personal learning paths, assistance and
advice, a variety of learning requirements can be met, which is difficult to achieve
in traditional learning settings. For instance, uneven levels of prior knowledge
between learners, which could lead to adverse effects (e.g. overwhelming inexperi-
enced learners while simultaneously boring advanced learners), can be mitigated
through adaptive instructional design. Another example is adaptive learning sys-
tems can support novices that require navigational help, e.g. by limiting the amount
of alternatives or recommending relevant links (Brusilovsky 1996). On the other
hand, this question concerns the course designers’ motivation behind applying dif-
ferent adaptive methods and techniques (i.e. the reasons for adaptation). In princi-
ple, the why question thus concerns the pedagogical rationale underlying the
implementation of adaptive systems (cf. Mavroudi et al. 2018). The pedagogical
rationale itself can be derived from a variety of different basic theories, such as
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aptitude-treatment interactions, the zone of proximal development, fading scaffolds,
the expertise reversal paradigm and self-regulated learning.

The concept of aptitude-treatment interactions (see Cronbach and Snow 1977)
refers to the circumstance that instructional strategies (Cronbach and Snow refer to
these as “treatments”) are not equally successful for each individual learner and
may instead depend on specific abilities of the learners that forecast their potential
success — in other words, their aptitude. From this point of view, adaptive learning
provides options to find optimal treatments to match individual learners’ aptitudes.
Another concept which adaptive learning can build on is the zone of proximal devel-
opment (see Vygotsky 1978). The core idea of this concept is to give the learners
tasks they are able to complete with guidance, as opposed to tasks they are able to
do unaided or task they cannot complete even with guidance. As the learner pro-
gresses, this guidance can gradually be reduced (cf. the concept of fading scaffolds;
Collins et al. 1988; van Merriénboer and Sluijsmans 2009). The importance of
adapting the learning process to characteristics of the learner is further supported by
the finding that instructional techniques (e.g. guidance by a tutor or detailed instruc-
tions) that benefit novices can lose their effectiveness or even be counterproductive
to experts, a phenomenon known as the expertise reversal effect (Kalyuga et al. 2003).

In this context, “reversal” refers to the idea that the effectiveness of instructional
techniques may be reversed for different levels of expertise, e.g. that instructions
may help novices yet hinder experts (Lee and Kalyuga 2014). The expertise reversal
effect is usually explained by the Cognitive Load Theory (Sweller 1988). The basis
of the theory is the notion that the cognitive load, i.e. information that is currently
stored and processed in the working memory, cannot exceed its limitations. While
the long-term memory holds cognitive schemata with varying degrees of complex-
ity within an unlimited storing capacity, the working memory is thought to be quite
limited in its capacity to store information, both in terms of amount and duration
(van Merriénboer and Sweller 2005). Classic accounts of the Cognitive Load Theory
differentiate between two kinds of cognitive load, the intrinsic load and the extrane-
ous load. Intrinsic load refers to cognitive processes involved in processing novel
learning materials, which may be affected by the (perceived) complexity of the
material. Extraneous load concerns factors that affect cognitive processes despite
not being directly related to the task at hand, such as convoluted instructional design
or unfavourable presentation of the learning material (Kalyuga 20009).

The two forms of cognitive load interact with one another so that an abundance
of extraneous load (e.g. by giving learners too much unnecessary information or by
having a cluttered visual design) reduces the capacity left for proper processing of
the learning material due to the working memory’s limitations. Importantly, the cur-
rent cognitive load of a learner also depends on learner characteristics such as
expertise. In parts, expertise is represented by cognitive schemata with varying
degrees of complexity and automation housed by the long-term memory (van
Merriénboer and Sweller 2005). When schemata become automated through train-
ing, space in the working memory is freed, which then reduces the intrinsic load,
leaving more cognitive capacity for the processing of new content (Kalyuga 2009).
This implies that instructional interventions should be adjusted (adapted) to the
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learners’ cognitive load when teaching complex content (Rey and Buchwald 2011;
Somyiirek 2015). This may be achieved through instructional guidance: low levels
of guidance or instructional scarcity can affect novices negatively as they might lack
the expertise to compensate for the missing or incomplete information, which can
lead to poor problem-solving strategies or mere guess work. Experts on the other
hand are not affected as much since they can rely on their prior knowledge. When
the amount of guidance is overabundant, the inverse effect may occur: novices ben-
efit from the detailed instructions while experts’ cognitive load is increased since
they need to compare and contrast the flux of incoming information with their prior
knowledge, inflating their intrinsic load (cf. Kalyuga 2007). Consequently, at the
start of the learning process, novices should be provided with instructional guidance
(e.g. step-by-step instruction) in order to guide them through their tasks and reach
an optimal level of cognitive load. The concept of fading scaffolds applies here
again (Collins et al. 1988; van Merriénboer and Sluijsmans 2009).

The educational implications of the Cognitive Load Theory and its role in
explaining the expertise reversal effect have been explored and confirmed in numer-
ous studies (e.g. Rey and Buchwald 2011). However, the cognitive load approach is
limited to a specific learning goal in its application, namely, the acquisition of
subject-specific knowledge (Kalyuga and Singh 2016). Other learning goals such as
enhancing self-regulated learning are beyond the scope of the approach and may
best be addressed by other theoretical perspectives within adaptive learning. Self-
regulated learning refers to self-directive processes and motivational self-beliefs
that learners use to proactively acquire academic skills (Zimmerman 2008). These
skills include the setting of challenging goals, the employment of appropriate strate-
gies to achieve these goals and the self-monitoring of one’s activities and effective-
ness until said goals are met. Adaptive learning environments can support
self-regulated learning, e.g. by facilitating monitoring via continuous self-
assessments and improving regulation of learning processes via instructional guid-
ance (Scheiter et al. 2017).

These theories all provide guidelines for pedagogical decision-making. Despite
representing vastly different perspectives, they are not mutually exclusive. The ped-
agogical strategies of adaptive learning systems can draw from multiple theoretical
sources at once, e.g. by combining self-regulated learning with fading scaffolds.

6.3.2 What Can or Should Be Adapted and How? The Objects,
Methods and Techniques of Adaptation

The next questions concern what can be adapted within a system to meet the guide-
lines illustrated above and how this may be accomplished. On one hand, the what
question depends on the domain model since that model provides a structure of the
topic also entailing which aspects can be adapted (see Knutov 2012). Brusilovsky
(2001) suggests two aspects that can be adapted, namely, presentation and navigation
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support. Adaptive presentation focusses — as the name implies — on the presentation
of the content in accordance with various learner characteristics (which will be dis-
cussed later). For example, a more experienced learner may be provided with less
detailed instructions for a task, while novices may receive additional explanations
to support their understanding of the topic. Adaptive navigation support is based on
personalised learning paths that are supposed to guide the learner to appropriate
learning content. Knutov (2012) adds a third approach in the form of content adap-
tation support, which addresses the presence or absence of specific bits of informa-
tion, thus regulating their accessibility. This kind of support may also vary the
emphasis that is put on the information. Other parts of the instructional design that
can be adapted include hints, prompts and recommendations.

On the other hand, the what question also revolves around the adaptive model, as
does the how question. How the adaptive process works can be described on two
levels, either on a conceptual/design level or on an implementation level. The adap-
tive process involves techniques, which are usually applied at the implementation
level of a system and adhere to specific approaches or algorithms, as well as meth-
ods, which are generalisations of techniques (Knutov 2012). Examples for tech-
niques in content adaptation support include inserting, removing or modifying
information, which change the accessibility of information, thus altering the content
itself. Other techniques, which are also shared by adaptive presentation support, do
not change the content but rather lead the learner to focus only on parts of the con-
tent. These include dimming, sorting, zooming or stretchtext (Knutov 2012). The
latter two are also useful techniques when presenting information that only needs to
be seen by a subset of learners. Techniques applied in the context of adaptive navi-
gation support can either be enforced or recommended. These techniques include
guidance (e.g. by recommending links, which can also be classified as an adaptive
presentation support technique), link generation or link hiding (Knutov 2012).

The decision between enforced or recommended paths taps into the self-
regulation dilemma, which concerns the amount of control that is given to the sys-
tem versus the control given to its user (see Bergamin and Hirt 2018; Kobsa et al.
2001). On one end of the spectrum, learners are given complete control over their
learning process (i.e. choice of topics, resources and support). Such systems are also
called adaptable systems. The learner-control approach might entail positive conse-
quences since freedom can be a motivating factor and learners may enjoy being in
control. However, this level of freedom may also overwhelm and thus demotivate
learners, especially at the beginning of the learning process, when learners lack self-
regulation skills, or when a complex topic is concerned. On the other end of the
spectrum, adaptive systems choose and present learning content, which may lead to
decisions that are more sound than decisions that novices would make, but the lack
of control on the learner’s part may frustrate them, especially when the decisions by
the system are faulty or not what the learner anticipates. This may be the case when
the learner model is not accurate enough or when the learner’s view is skewed. One
way to bypass the dilemma is by allowing the control to be shared between the sys-
tem and the learner, which is often achieved by implementing recommender sys-
tems. These systems offer learners recommendations or advice on how to adapt their
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learning process (e.g. by recommending tasks, supplementary material and so on)
instead of forcing a system-made decision upon them. The learner is thus free to
follow the recommendation or ignore it.

Since instructional interventions in this type of system are dependent on the
learner’s initiative, they are referred to as non-embedded (Clarebout and Elen 2006).
A more embedded alternative exists in the form of the two-step approach (cf.
Bergamin and Hirt 2018). In the first step, the system selects a set of appropriate
learning objects (e.g. tasks), which the learner is then able to choose from. The main
advantage of this approach is that learners can be prevented from being over-
whelmed by countless options or from selecting counterproductive tasks while still
being allowed to be in control, at least to a degree. Chou et al. (2015) present another
option that allows simultaneous shared control between the system and the learner,
the negotiation-based adaptation mechanism. This mechanism compares the sys-
tem’s learner model with the student’s self-assessment, and if they do not match,
modifications to the learner model will be “negotiated” between the learner and the
system. It supports learners with low meta-cognitive skills while allowing learners
to correct inaccurate learner models.

Moreover, methods and techniques applied in adaptive learning systems can vary
substantially in terms of complexity and level of detail. A common distinction is
made between rule-based and algorithm-based systems (Murray and Pérez 2015;
cf. Oxman and Wong 2014). The former usually relies on a series of if-then func-
tions with varying degrees of complexity (e.g. through different branching paths). If
learners get answers right, the system directs them to the next task, and if they do
not, it provides assistance in the form of a hint, repeated content or different expla-
nations of the same content. Rule-based adaptive systems are transparent in their
functionalities, which makes them easier to use; however, they do not tap into the
computational potential that more sophisticated systems do. Algorithm-based
approaches are far more complex and often involve methods related to machine
learning, such as item-response theory (e.g. Wauters et al. 2010; Pliakos et al. 2019),
Bayesian Knowledge Tracing (Corbett and Anderson 1995), fuzzy-logic
(Ennouamani and Mahani 2019) or deep learning (Goodfellow et al. 2016).
Additionally, they may involve elaborated techniques such as (big) data mining (e.g.
Yuan 2019) or learning analytics in order to continuously predict the success of an
individual learner based on specific bits of information. As Ge et al. (2019) note in
their literature review, there is a tendency for adaptive systems to rely on established
algorithms, rather than implementing game engines or developing their own
algorithms.

A noteworthy example for algorithm-based approaches are micro-adaptive sys-
tems (Vandewaetere et al. 2011). Micro-adaptive systems are learning systems that
employ micro-adaptive instructions that dynamically decide which instructional
treatments are the most appropriate at any given time (e.g. intelligent tutoring sys-
tems). They accordingly provide tailored on-time instructions based on within-task
measures. The fine-grained and precise measures this approach requires are thought
to warrant the implementation of artificial intelligence techniques. However, this
alleged necessity has attracted controversy since some authors, e.g. Essa (2016),
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argue that domain-specific micro-adaptivity should be regarded as “the primary
realm of the instructor” (p. 11). The authors speculate that for the foreseeable future,
machine learning will not surpass the instructor’s knowledge and experience, at
least as far as providing feedback and correcting errors is concerned. We would like
to emphasise that machine learning and the instructor’s experience are not mutually
exclusive and may complement one another. Examples for this are supervised
machine learning and co-creation strategies (see Dollinger and Lodge 2018).

6.3.3 What Can or Should Be Adapted to? The Basis
of Adaptation

The fourth question concerns which characteristics of the learner should be cap-
tured by the sensor part of the learner model. As these characteristics form the basis
for adaptive processes, they need to be selected carefully. What characteristics are
most valuable in the context of a learning task, a course or even degree programmes
to be adapted in regard to a particular goal is not a trivial question and has led to
some disagreement in the literature (see Grani¢ and Naki¢ 2010). In order to provide
a potential answer, Naki¢ et al. (2015) conducted one of the most encompassing
literature reviews regarding adaptation to learner characteristics. The authors
explored 22 different learner characteristics over 98 studies released between 2001
and 2013, which include age, gender, working memory capacity, (meta-)cognitive
abilities, anxiety and so on.

Given how wide the variety of characteristics to choose from is, several attempts
have been made to categorise them. Vandewaetere et al. (2011) differentiate between
three categories, which they derive from the combination of empirical research with
theoretical propositions. These three categories are (1) cognition (working memory
capacity, intelligence, prior knowledge, cognitive and learning styles), (2) affect
(frustration, confusion, delight, mood and self-efficacy) and (3) behaviour (need for
learner control, help and/or feedback, self-regulated learning, number of tries per
task and grades). Although these categories seem to differ clearly, the boundaries
between them are often blurred. The category affect includes states that are blends
between affect and cognition (e.g. confusion and self-efficacy), while the character-
istics in the behaviour category can be viewed as consequences of cognitive and
affective states. Another classification stems from Aleven et al. (2017) who identify
five groups of learner characteristics: prior knowledge and knowledge growth; strat-
egies and errors; affect and motivation; self-regulated learning strategies, metacog-
nition and effort; and learning styles. As they note, determining which characteristics
are worth adapting to the most is ultimately an empirical question. Based on the
results of the studies that Nakic et al. (2015) examined, the authors conclude that
adapting to one or more of the following characteristics proves to be the most suc-
cessful: learning styles, prior knowledge, cognitive styles, preferences for particular
types of learning materials and motivation. The latter is noted to have been subject
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to increasing attention in research, along with characteristics such as emotions and
metacognitive abilities (Naki¢ et al. 2015). Adapting to cognitive abilities and per-
sonality is also deemed promising, although those characteristics have been explored
to a lesser degree (see, e.g. Afini Normadhi et al. 2019). Further details will be
provided in the section discussing the current state of the research.

6.3.4 When and Where Can Adaptation Be Applied?
The Context of Adaptation

Knowing on which pedagogical basis we want to adapt what aspects to which char-
acteristics with which techniques, the final questions are when and where adapta-
tion takes place. One way to answer both of these questions at once is by addressing
loop levels, which determine when and where instructions can be varied within the
adaptive model. According to Bergamin and Hirt (2018), there are three levels on
which adaptation can occur: the curriculum loop, the task loop and the step loop. In
the curriculum loop, the adaptive system recommends (or enforces) learning
domains (curricula) based on the learners’ needs and preconditions. This can be
illustrated with an example: A learner succeeds in a particular course and may thus
be recommended an advanced course on the same topic. Since it concerns in-
between-course adaptation, the curriculum loop only occasionally adapts to the
learner model.

In the task loop (also known as outer loop), the system makes decision regarding
the instructional support, complexity of the content or sequencing (i.e. task selec-
tion) depending on the individual learner’s current conditions. An adaptive system
may thus recommend (or enforce) more challenging tasks to successful learners
while presenting tasks that involve more assistance to less proficient learners. Since
it concerns tasks, the task loop adapts to the learner model more frequently than the
curriculum, but less frequently than the step loop. In the step loop (also known as
inner loop), the system provides hints, feedback and prompts regarding the current
learning activity within a learning object (e.g. a task). This adaptation depends on
the individual learner’s most recent learning behaviour. Aleven et al. (2017) also
differentiate between three loop levels; but instead of the curriculum loop, they
include a design loop in their conceptualisation. Design-loop adaptivity refers to
data-driven changes between different iterations of the same course on the basis of
similarities between learners. For example, a course designer may receive the feed-
back that a high percentage of students displayed the same misconception in a phys-
ics task, which leads to them accounting for that misconception in the next version
of the course. In contrast to the other loops, this loop does not concern the individual
learner and takes on a different perspective (namely, that of a course designer
charged with redesigning an existing course).

The when and where questions can further be addressed by considering another
aspect of adaptive systems, namely, their application area. While e-learning remains
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the main application area of adaptive learning, its range has expanded significantly
over the years. Adaptive learning systems are applied in various educational institu-
tions (primary school, secondary school, senior school, university, etc.) as well as
organisations, e.g. for training purposes. Moreover, there has been an increase in
context-aware adaptive systems that try to incorporate context characteristics in
addition to learner characteristics, e.g. the time and place of a learning activity or
the device used by the learner. This can be achieved by either expanding the learner
model or adding a fourth model to the three core components (for instance, a context
model; see Knutov 2012).

6.4 Current State of the Research

In this next part, we will concentrate on three aspects of current application-oriented
research: the evaluation of the effectiveness and efficiency of adaptive learning sys-
tems, the satisfaction of learners with such systems and their actual implementation.
We highlight application-oriented research over theoretical literature to emphasise
the practical implementation of adaptive learning systems.

6.4.1 Learner Performance: Effectiveness and Efficiency
of Adaptive Learning Systems

Instructional effectiveness and efficiency are key aspects of adaptive learning since
optimising learning is one of the central objectives of this approach (Sottilare and
Goodwin 2017). Instructional effectiveness refers to enhancing learning capacity to
acquire knowledge or skill. Importantly, the time in which this learning gain is sup-
posed to transpire is fixed and the learning content is varied, so that at the end of the
course, learners may be below, at or above their expected level (Sottilare and
Goodwin 2017). In contrast, instructional efficiency refers to the acceleration of
learning, which means a reduction of the time learners need to reach a desired level
of knowledge or skill. By providing learners with instruction tailored to their needs
(e.g. based on their current level of knowledge), the amount of information they are
presented with can be reduced. However, allowing learners to skip information is
not always recommended since learning materials may need to be revisited from
time to time to retain proficiency (Sottilare and Goodwin 2017). Adaptive learning
reveals its potential addressing both of these points, as it permits a large variety of
learning materials and instructional strategies to be tailored to the needs of indi-
vidual learners. Effectiveness and efficiency depend, among other things, on the
context of the deployment of adaptive learning, higher education being by far the
most common context (see Xie et al. 2019, for an overview).
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One part of the literature concerns the effectiveness and efficiency of adaptive
learning systems. This line of research is concerned with the research question how
effective and efficient adaptive learning systems are, usually in comparison to either
non-adaptive alternatives or other adaptive systems with diverging features.
Accordingly, most researchers hypothesise that adaptive learning systems are more
effective and efficient than their non-adaptive counterparts. While some studies
have assessed both effectiveness and efficiency of adaptive learning systems, others
have focussed on one of these two performance measures. Verdu et al. (2008), for
example, examined the evidence for the effectiveness of adaptive learning by com-
paring studies that analysed adaptive systems in various institutional contexts. They
found that with varying levels of statistical significance and effect sizes, all 18 of the
studies in their pool reported positive results, i.e. students improved in their aca-
demic achievement when using adaptive systems in comparison to control groups.
The variation between effect sizes indicates a vast range of effects. One study
yielded an effect size of 0.1, which indicates a small, statistically not significant
learning gain. Large effects (i.e. effect sizes of at least 0.66) were found in ten of the
studies, with the remainder yielding medium to small effects. Further studies show
that the results concerning the effectiveness and efficiency of adaptive learning are
rather mixed: while there is evidence to suggest that the implementation of adaptive
learning can lead to improved achievements, higher self-perceived learning gains
and reduced cognitive load (e.g. Yang et al. 2013), other studies were only able to
detect positive effects on learning outcomes under specific conditions. In their eval-
uation of an adaptive online learning system, Griff and Matter (2013) only found
positive effects in two out of the six participating institutions. Similarly, Murray and
Pérez (2015), who implemented a micro-level adaptive approach, only found a neg-
ligible impact of adaptive learning on learning outcomes when compared to a tradi-
tional non-adaptive approach. In a recent experimental classroom study, Eau et al.
(2019) did not find any significant impact of adaptive learning on exam scores,
course grades or progress. In contrast, Ghergulescu et al. (2016), who conducted a
field study with a total sample size of 10,000 students across 1700 mathematics ses-
sions, report significant improvements across ability levels (i.e. ranging from low to
high achievers). Low achievers improved more than high achievers, thus reducing
the achievement gap.

Another part of the literature addresses effectiveness and efficiency in relation to
the temporal context the systems operate in as well as the learner characteristics
their learner model is based on. Here we will illustrate this based on the findings by
Aleven et al. (2017), who evaluated the effectiveness of adapting to various learner
characteristics by systematically reviewing studies that either addressed design-
loop, task-loop or step-loop adaptations to learner characteristics stemming from
their previously presented five categories (prior knowledge, strategies and errors,
affect and motivation, self-regulation of learning and learning styles). Since we do
not consider design-loop adaptivity to be on the same dimension as the task and step
loops as explained above, we will only include the latter two in our overview.

First off, Aleven et al. (2017) present evidence to support the effectiveness of
adapting to prior knowledge. Evidence on the task-loop adaptivity suggests that
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adapting the task selection to the learners’ prior knowledge improves both effective-
ness and efficiency of learning. Corbett et al. (2000), for instance, observed that
students scored twice as high in the assessment of an algebra problem and 10%
higher in a standard test when using the Cognitive Tutor Algebra I in comparison to
traditional courses. Cognitive Tutors are intelligent tutoring systems that present
tasks which train aspects students are unlikely to have mastered yet. Comparable
results have been achieved by promoting learning by analogue problem-solving,
where students solve problems by transferring knowledge from an analogue, adap-
tively selected example (cf. Muldner and Conati 2007). Increased learning gains
were also observed when examining step-loop adaptivity, even though the evidence
is not quite as abundant in this context. Conati (2013), for example, reported larger
learning gains after implementing a self-explanation coach for physics problem-
solving (i.e. a system that adaptively selected steps of worked examples and pro-
vided a structure template as well as feedback). This effect was larger for students
with low levels of prior knowledge, which is also what Albacete and VanLehn
(2000) observed. The opposite was found by Own (2006): in his study, the differ-
ence in learning progress was only significant for students that had more prior
knowledge. E. Verdu et al. (2008) identified differences in contexts, systems and
analyses between the studies as the most likely cause for this discrepancy.

Overall, Aleven et al. (2017) note that the evidence supporting the value of adapt-
ing to prior knowledge is consistent with the widespread notion that learners’ prior
knowledge is a key factor in learning. In fact, the authors assert that adapting to
prior knowledge within the task-loop yielded the largest effects out of all the pos-
sible combinations between the learner characteristics and loops they examined.

Adapting to learners’ affect was also found to improve effectiveness and effi-
ciency. An example concerning task-loop adaptivity is a study by Walkington
(2013), who implemented interest in her tutoring system by adapting the cover sto-
ries of algebra problems to students’ interests. This resulted in higher accuracy and
increased learning efficiency in the course and led to accelerated learning later on.
Regarding the step loop, affect-aware tutoring systems were found to enhance learn-
ing. Examples include studies by D’Mello et al. (2010), who used AutoTutor, a
system capable of detecting boredom, confusion, frustration and neutral affective
states, or D’Mello et al. (2012), who implemented eye-trackers in their tutoring
system in order to detect and adaptively counteract disengagement. Some systems
even feature hybrid adaptivity, i.e. algorithms that combine affective with cognitive
factors (e.g. Mazziotti et al. 2015). In contrast, Aleven et al. (2017) note that research
focussed on adapting to learners’ motivation has been comparatively scarce with
only the groundwork being laid, e.g. in the form of self-efficacy-detecting algo-
rithms using machine-learning models (McQuiggan et al. 2008).

Task-loop adaptivity to self-regulation can be effective as well, even though the
evidence seems to be mixed. The most promising approach appears to be a combi-
nation between open learner models (i.e. a representation of the learner characteris-
tics used by the system, often presented to the learner in a visual form) and
self-assessment support (cf. Arroyo et al. 2014; Long and Aleven 2013). There is
also evidence to suggest that adapting to self-regulated learning yields positive
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results in the step loop by improving learners’ self-regulated learning processes
(e.g. help-seeking, Tai et al. 2013).

In contrast, the evidence for the effectiveness and efficiency of adapting to learn-
ers’ learning strategies and error patterns is mixed (Aleven et al. 2017). While step-
loop adaptivity to strategies and errors is also deemed effective, particularly when
applied in the form of step-level feedback (see Koedinger and Aleven 2007), the
evidence presented by Aleven et al. (2017) does not support any clear advantage of
task-loop adaptivity over non-adaptive tutoring. Adapting to learning styles also
yielded little conclusive evidence, despite the popularity of the concept in past and
present research (e.g. Kolekar et al. 2019). Many researchers argue that learning
styles lack a firm theoretical basis (e.g. Aleven et al. 2017; Kirschner and van
Merriénboer 2013; Lu et al. 2003), an issue that is further compounded by other
controversies surrounding the topic, with some researchers even dismissing them as
a “myth” (see Kirschner 2017).

A learner characteristic not present in the overview presented by Aleven et al.
(2017) that was recently investigated was aptitude (Eldenfria and Al-Samarraie
2019). In their study, Eldenfria and Al-Samarraie (2019) found their aptitude-based
adaptive mechanism to be effective, which was supported by EEG data.

Current research thus shows that adaptive learning can be both effective and
efficient, be it in general or addressing specific temporal contexts (i.e. loops) or
learner characteristics. The effects found in the literature may vary in their size from
no effect to large effects, but all reported effects are positive, supporting the poten-
tial for future research.

6.4.2 Satisfaction Among Learners

Effectiveness and efficiency are not the only measures to indicate the success of a
learning system. No matter how effective a system is, the prospects of success are
jeopardised if students and/or teachers reject it. Assessing student satisfaction is
therefore key when judging the quality of a system. Moreover, studies have shown
positive links between student satisfaction and motivation, student retention and
recruitment (see Schertzer and Schertzer 2004). Levy (2007) additionally shows
that dropouts occur at substantially higher rates in e-learning as compared to offline
courses, stressing the importance of student satisfaction for student retention. The
research question that guides this strand of research is thus how satisfied students
are with adaptive learning systems. Usually, students are hypothesised to feel satis-
fied with adaptive learning systems. Verdu et al. (2008) compared the results of 11
studies that assessed the level of students’ satisfaction with adaptive learning sys-
tems via questionnaires. Since the results were based on questionnaires with differ-
ent scales, the values were normalised before the comparison. One study reported
medium (0.5) and the others high learner satisfaction (0.66-0.81) with adaptive
learning systems. They conclude that most learners thought that the adaptive sys-
tems supported their learning progress and met their requirements.



6 Implementation of Adaptive Learning Systems: Current State and Potential 107

In a more recent study, Dziuban et al. (2017) investigated how students from two
contextually different universities reflected on the adaptive learning platform
Realizeit. Despite differing in demographic and educational backgrounds, most stu-
dents reacted positively to the adaptive system by giving it high marks regarding its
perceived educational effectiveness and were able to make a near-seamless transi-
tion from non-adaptive systems. However, there are certain conditions that have to
be met in order for learners not to reject adaptive systems. If systems are unstable,
unreliable, too cumbersome in their use or plagued by usability problems, the risk
of students (and teachers) abandoning it rises. Lack of transparency is an additional
risk factor that can lead to trust issues (e.g. when the system is perceived as a “black
box” without any comprehensible rationale behind its decisions; see Khosravi
et al. 2020).

Assessing the usability of adaptive systems is therefore worthwhile (cf. Khosravi
et al. 2020). Alshammari et al. (2015), for example, compared an adaptive learning
system with a non-adaptive version in an experimental setting and found that the
adaptive learning system yielded higher ratings regarding its perceived usability
than its non-adaptive counterpart. Similarly, Vesin et al. (2018) examined the usabil-
ity of the adaptive learning system ProTuS using the System Usability Scale (SUS).
The resulting score was 67.2 out of 100, indicating a marginally acceptable usabil-
ity, i.e. on the verge of being acceptable (with a score of 70 being the threshold).
More recently, a German translation of the SUS was used to assess the usability of
adaptive courses in the learning management system Moodle (Pancar et al. 2019).
In contrast to previous results, the adaptive courses yielded lower usability scores
(55.08 and 57.8) than their non-adaptive counterparts (62.87 and 67.51), meaning
their usability was “ok”.

As the research above illustrates, adaptive learning systems tend to be satisfying
to learners, which is an important condition for the success of such systems.
However, research on their usability opened up a clear gap which needs to be further
addressed. Given how crucial usability is to the acceptance of adaptive learning
systems, improving it is a key challenge.

6.4.3 Implementation of Adaptive Learning Systems

Another avenue of research within adaptive learning concerns the actual implemen-
tation of adaptive systems in practice, providing potential answers to the ~ow and
when/where dimensions. The research questions in this area are thus if adaptive
learning systems can be successfully implemented in educational practice and under
what conditions. Despite the wealth of studies on adaptive learning systems, there
has been a notable lack of successfully implemented adaptive technology-based
learning systems in practice (Cavanagh et al. 2020; Somyiirek 2015), with a few
exceptions, e.g. the previously mentioned study by Ghergulescu et al. (2016).
Scanlon et al. (2013) found what they called a “surprising failure” (p. 4) to translate
research results in the field of technology-enhanced learning, including prototypes,
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into commercial products. This gap between research and successful application is
the so-called valley of death, which can be caused by a lack of funding, weaknesses
in the didactic concept, scalability-related issues, inaccuracies in the core compo-
nents or lack of sustainability.

Moreover, as Lerfs et al. (2017) point out, technological issues are a contributing
factor as well since one of the main reasons why some adaptive systems have failed
is a lack of easy-to-use technology for the teachers meant to design adaptive tasks
and instructions. Instructors that produce and follow sound instructional designs are
essential to adaptive learning, which is why it is key to involve them from the very
beginning (cf. Shelle et al. 2018). One potential solution is to implement adaptive
learning within environments that teachers are already familiar with, such as learn-
ing management systems (e.g. Moodle). In one of our own studies, we demonstrate
how a simple rule-based adaptive design based on a recommender system can be
implemented in a physics course on Moodle (see Imhof et al. 2018). Our system
recommended tasks with either detailed or non-detailed instructions to our students,
depending on their current level of knowledge (i.e. a prior knowledge test score for
the first task and task performance for the remainder of the task set). We deemed the
implementation successful enough to serve as a good basis for future, more com-
plex adaptive instructional designs in the same or similar contexts.

6.5 Practical Implications and Future Potential of Adaptive
Learning Systems

The results presented above have practical implications for designing and imple-
menting adaptive learning systems. In this discussion, we will refer to the six ques-
tions introduced in the beginning of this chapter again. Why is adaptation wanted?
Research reveals arguments for the implementation of adaptive learning systems by
demonstrating effectiveness and efficiency. Where and when can adaptation be
applied? Adaptive learning systems have yielded positive effects in a variety of dif-
ferent contexts, be it in terms of institutions, the topics to be learned (despite the
noticeable focus on STEM topics, especially in the realm of micro-adaptivity; cf.
Essa 2016), the target audience or the loop levels within the adaptive model. What
can or should it adapt r0? Not all options are equally recommendable in regard to
learner characteristics. For instance, the evidence for adapting to learning styles is
mixed at best (cf. Aleven et al. 2017), despite their popularity. Importantly, no mat-
ter which learner characteristics are chosen, they need to be assessed reliably and
validly in order for the system to adapt to the learners’ needs accurately. What can
or should it adapt and how? In contrast to the other questions, these two are difficult
to answer on the basis of the literature we considered. To our knowledge, systems
usually follow one specific approach in terms of methods and techniques and stick
to them. This renders direct, unbiased comparisons with other approaches nigh
impossible, since the list of potential confounding variables is vast (e.g. learning
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support, learning topics, educational contexts, outcome variables, learning devices,
differences between learners and so on; cf. Xie et al. 2019).

Moreover, adaptivity on its own is no guarantee for success. In our view, the suc-
cess of an adaptive system is instead linked to three crucial elements of its adaptive
design, each addressing multiple of the six basic questions:

1. The concept behind an adaptive learning system needs to be specific and sound.
Adaptive learning has unique requirements and is, as Freda (2016) states, not a
“magic bullet”. The quality of the adaptive design (and thus the recommenda-
tions a system makes) depends on the monitoring and diagnosis of changing
learning requirements, which could result in insufficient adaptation rules if
neglected (cf. Dounas et al. 2019).

2. The loop level the system operates on has to be specified. As Essa (2016) notes,
a considerable amount of research has been dedicated to the inner loop (i.e. step
loop or micro-adaptivity), whereas research on the outer loop (i.e. task loop or
macro-adaptivity) has been described as “modest” (Rus et al. 2013).

3. Special care ought to be given to the algorithms behind the adaptive learning
system. Most systems rely on existing algorithms (cf. Ge et al. 2019) which are
not necessarily the ideal solution in every individual case.

In summary, adaptive systems need a concise concept behind them as well as a
suitable adaptive mechanism supported by the proper algorithms. Differences in
these three design elements could explain why some studies found adaptive learning
systems to be effective (Eldenfria and Al-Samarraie 2019; Ghergulescu et al. 2016)
while others did not (Eau et al. 2019) or had mixed results (Griff and Matter 2013).
This is especially important when estimating the effectiveness of adaptive learning
systems in practice.

Furthermore, the results illustrated above highlight that usability should be a
major focal point when designing and implementing such systems (Khosravi et al.
2020). Systems burdened with usability problems satisfy neither learners nor teach-
ers, increasing the risk of systems being swiftly abandoned.

As our overview depicts, the processes of designing and implementing adaptive
learning systems are very complex since there are countless options one could
choose when designing adaptive systems. Not only are these processes non-linear
since the questions inform and influence each other; there is also a notable lack of
guidance for them, at least currently (Hou and Fidopiastis 2017).

All in all, the practical implications of adaptive learning are somewhat limited at
the moment since there are still various challenges that adaptive learning systems
have to overcome in order to truly bridge the gap between research prototypes and
application tools. In their Delphi study, Mirata and Bergamin (2019) identified three
dimensions of the challenges for adaptive learning: technology; teaching and learn-
ing; and organisation. In the dimension fechnology, the challenges are infrastruc-
ture and hard- and software, which include the usability of adaptive learning
systems, and perceptions and beliefs about adaptive technology, e.g. acceptance
and attitude towards technology, both from the lecturers’ and students’ points of
view. In the context of the dimension feaching and learning, the identified challenges
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are instructional and curriculum elements (e.g. the need to redesign courses) as well
as lecturer and learner characteristics (e.g. their motivation and commitment). The
final dimension, organisation, contains institutional strategies (including commit-
ment on the part of the management), management (e.g. support for lecturers and
learners) and resources (e.g. the hiring of instructional designers). Further chal-
lenges are identified by Zliobaite et al. (2012), who present additional technological
challenges, and Freda (2016), who highlights the organisational challenges.
Zliobaite et al. (2012) add scalability and having to deal with “realistic data” as
additional challenges for technology. In order to improve usability, trust and accep-
tance, they state that the practical application of adaptive learning systems might
have to be broken down into adaptive tools that non-experts are also able to use.
This latter point is also stressed by Cavanagh et al. (2020), who include understand-
ing of the mechanism behind adaptive learning systems as one of the items on their
list of pedagogical best practices.

Similar to Mirata and Bergamin (2019), Freda (2016) stresses securing monetary
resources and convincing parties other than students and teachers of the value of
adaptive learning (e.g. project managers and instructional technologists) as two
important obstacles when transitioning from traditional to adaptive learning systems.

Future research has the potential to address most if not all of these issues, thereby
getting closer to bridging the gap between research and application, potentially
leading to widespread successful implementations of adaptive learning systems. As
the research presented in this chapter shows, adaptive learning systems hold consid-
erable potential to improve scalability (i.e. reaching more learners with less effort)
and learners’ performance. This complex development is still ongoing, but the cur-
rent state of the research indicates great promise for the future.

References

Adams Becker, S., Brown, M., Dahlstrom, E., Davis, A., DePaul, K., Diaz, V., & Pomerantz, J.
(2018). NMC horizon report 2018: higher education edition (p. 60). Retrieved from https://
library.educause.edu/{~ }/media/files/library/2018/8/2018horizonreport.pdf

Afini Normadhi, N. B., Shuib, L., Md Nasir, H. N., Bimba, A., Idris, N., & Balakrishnan, V. (2019).
Identification of personal traits in adaptive learning environment: Systematic literature review.
Computers and Education, 130, 168—190. https://doi.org/10.1016/j.compedu.2018.11.005.

Albacete, P., & VanLehn, K. (2000). Evaluating the effectiveness of a cognitive tutor for funda-
mental physics concept. Proceedings of the 22nd Annual Meeting of the Cognitive Science
Society (pp. 25-30). Mahwah, NJ: Erlbaum.

Aleven, V., McLaughlin, E. A., Glenn, R. A., & Koedinger, K. R. (2017). Instruction based on
adaptive learning technologies. In R. E. Mayer & P. Alexander (Eds.), Handbook of research
on learning and instruction (pp. 522-560). New York: Routledge.

Alshammari, M., Anane, R., & Hendley, R. J. (2015). Design and usability evaluation of adaptive
e-learning systems based on learner knowledge and learning style. In Human-computer inter-
action — Interact 2015 (Vol. 9297, pp. 584-591). https://doi.org/10.1007/978-3-319-22668-2.

Arroyo, 1., Woolf, B.P., Burelson, W., Muldner, K., Rai, D., & Tai, M. (2014). A multimedia
adaptive tutoring system for mathematics that addresses cognition, metacognition and affect.
International Journal of Artificial Intelligence in Education, 24(4), 387-426.


https://library.educause.edu/{~}/media/files/library/2018/8/2018horizonreport.pdf
https://library.educause.edu/{~}/media/files/library/2018/8/2018horizonreport.pdf
https://doi.org/10.1016/j.compedu.2018.11.005
https://doi.org/10.1007/978-3-319-22668-2

6 Implementation of Adaptive Learning Systems: Current State and Potential 111

Bergamin, P. B., & Hirt, F. S. (2018). Who’s in charge? — Dealing with the self-regulation dilemma
in digital learning environments. In K. North, R. Maier, & O. Haas (Eds.), Knowledge manage-
ment in digital change — New findings and practical cases. Cham: Springer.

Bergamin, P. B., Werlen, E., Siegenthaler, E., & Ziska, S. (2012). The relationship between flexible
and self-regulated learning in open and distance universities. International Review of Research
in Open and Distance Learning, 13(2), 101-123. https://doi.org/10.19173/irrodl.v13i2.1124.

Brusilovsky, P. (1996). Methods and techniques of adaptive hypermedia. User Modeling and User-
Adapted Interaction, 6(2-3), 87-129. https://doi.org/10.1007/BF00143964.

Brusilovsky, P. (2001). Adaptive hypermedia. User Modeling and User-Adapted Interaction,
11(1/2), 87-110. https://doi.org/10.1023/A:1011143116306.

Cavanagh, T., Chen, B., Lahcen, R. A. M., & Paradiso, J. (2020). Constructing a design framework
and pedagogical approach for adaptive learning in higher education: A practitioner’s perspec-
tive. The International Review of Research in Open and Distributed Learning, 21(1), 172—-196.
https://doi.org/10.19173/irrodl.v21i1.4557.

Chou, C.-Y., Lai, K. R., Chao, P.-Y., Lan, C. H., & Chen, T.-H. (2015). Negotiation based adap-
tive learning sequences: Combining adaptivity and adaptability. Computers & Education, 88,
215-226. https://doi.org/10.1016/J.COMPEDU.2015.05.007.

Clarebout, G., & Elen, J. (2006). Tool use in computer-based learning environments: Towards a
research framework. Computers in Human Behavior, 22(3), 389—411. https://doi.org/10.1016/J.
CHB.2004.09.007.

Collins, A., Brown, J. S., & Newman, S. E. (1988). Cognitive apprenticeship. Thinking: The
Journal of Philosophy for Children, 8(1), 2—10. https://doi.org/10.5840/thinking19888129.
Conati, C. (2013). Modeling and scaffolding self-explanation across domains and activities. In
R. Azevedo & V. Aleven (Eds.), International handbook of metacognition and learning tech-
nologies (pp. 367-383). New York: Springer. https://doi.org/10.1007/978-1-4419-5546-3_24.

Corbett, A. T., & Anderson, J. R. (1995). Knowledge tracing. User Modeling and User-Adapted
Interaction, 4(4), 253-278.

Corbett, A. T., McLaughlin, M., & Scarpinatto, K. C. (2000). Modeling student knowledge:
Cognitive tutors in high school and college. User Modeling and User-Adapted Interaction,
10(2/3), 81-108. https://doi.org/10.1023/A:1026505626690.

Cronbach, L. J., & Snow, R. E. (1977). Aptitudes and instructional methods: A handbook for
research on interactions. New York: Irvington.

D’Mello, S. K., Lehman, B., Sullins, J., Daigle, R., Combs, R., Vogt, K., et al. (2010). A time for
emoting: When affect-sensitivity is and isn’t effective at promoting deep learning. https://doi.
org/10.1007/978-3-540-69132-7.

D’Mello, S. K., Olney, A., Williams, C., & Hays, P. (2012). Gaze tutor: A gaze-reactive intelligent
tutoring system. International Journal of Human Computer Studies, 70(5), 377-398. https://
doi.org/10.1016/j.ijhcs.2012.01.004.

Dollinger, M., & Lodge, J. M. (2018). Co-creation strategies for learning analytics. In Proceedings
of the 8th international conference on learning analytics and knowledge — LAK’18 (pp. 97-101).
New York: ACM Press. https://doi.org/10.1145/3170358.3170372.

Dounas, L., Salinesi, C., & El Beqqali, O. (2019). Requirements monitoring and diagnosis for
improving adaptive e-learning systems design. Journal of Information Technology Education:
Research, 18, 161-184. https://doi.org/10.28945/4270.

Dziuban, C., Moskal, P., Johnson, C., & Evans, D. (2017). Adaptive learning: A tale of two con-
texts. Current Issues in Emerging eLearning, 4(1). Retrieved from https://scholarworks.umb.
edu/ciee/vol4/iss1/3/

Eau, G., Judah, K., & Shahid, H. (2019). How can adaptive platforms improve student learning
outcomes? A case study of open educational resources and adaptive learning platforms. http://
dx.doi.org/10.2139/ssrn.3478134

Eldenfria, A., & Al-Samarraie, H. (2019). The effectiveness of an online learning system based
on aptitude scores: An effort to improve students’ brain activation. Education and Information
Technologies, 24(5), 2763-2777. https://doi.org/10.1007/s10639-019-09895-2.


https://doi.org/10.19173/irrodl.v13i2.1124
https://doi.org/10.1007/BF00143964
https://doi.org/10.1023/A:1011143116306
https://doi.org/10.19173/irrodl.v21i1.4557
https://doi.org/10.1016/J.COMPEDU.2015.05.007
https://doi.org/10.1016/J.CHB.2004.09.007
https://doi.org/10.1016/J.CHB.2004.09.007
https://doi.org/10.5840/thinking19888129
https://doi.org/10.1007/978-1-4419-5546-3_24
https://doi.org/10.1023/A:1026505626690
https://doi.org/10.1007/978-3-540-69132-7
https://doi.org/10.1007/978-3-540-69132-7
https://doi.org/10.1016/j.ijhcs.2012.01.004
https://doi.org/10.1016/j.ijhcs.2012.01.004
https://doi.org/10.1145/3170358.3170372
https://doi.org/10.28945/4270
https://scholarworks.umb.edu/ciee/vol4/iss1/3/
https://scholarworks.umb.edu/ciee/vol4/iss1/3/
http://dx.doi.org/10.2139/ssrn.3478134
http://dx.doi.org/10.2139/ssrn.3478134
https://doi.org/10.1007/s10639-019-09895-2

112 C. Imhof et al.

Ennouamani, S., & Mahani, Z. (2019). Towards adaptive learning systems based on fuzzy-logic.
In Advances in intelligent systems and computing (Vol. 997, pp. 625-640). Cham: Springer.
https://doi.org/10.1007/978-3-030-22871-2_42.

Essa, A. (2016). A possible future for next generation adaptive learning systems. Smart Learning
Environments, 3. https://doi.org/10.1186/s40561-016-0038-y.

Freda, B. (2016). Clearing the hurdles to adaptive learning. Retrieved from https://universitybusi-
ness.com/clearing-the-hurdles-to-adaptive-learning/

Ge, Z., Xi, M., & Li, Y. (2019). A literature review of the adaptive algorithms adopted in adaptive
learning systems. In 2019 IEEE 4th international conference on signal and image process-
ing, ICSIP 2019 (pp. 254-258). Institute of Electrical and Electronics Engineers. https://doi.
org/10.1109/SIPROCESS.2019.8868893.

Ghergulescu, 1., Flynn, C., & O’Sullivan, C. (2016). Learning effectiveness of adaptive learning in
real world context. In EdMedia+ innovate learning (pp. 1391-1396). Waynesville: Association
for the Advancement of Computing in Education (AACE).

Goodfellow, 1., Bengio, Y., & Courville, A. (2016). Deep learning. Cambridge, MA: MIT Press.

Grani¢, A., & Naki¢, J. (2010). Enhancing the learning experience: Preliminary framework
for user individual differences. In (pp. 384-399). Berlin/Heidelberg: Springer. https://doi.
org/10.1007/978-3-642-16607-5_26.

Griff, E.R., & Matter, S. F. (2013). Evaluation of an adaptive online learning system. British Journal
of Educational Technology, 44(1), 170-176. https://doi.org/10.1111/j.1467-8535.2012.01300.x.

Hou, M., & Fidopiastis, C. (2017). A generic framework of intelligent adaptive learning systems:
From learning effectiveness to training transfer. Theoretical Issues in Ergonomics Science,
18(2), 1-30.

Imhof, C., Bergamin, P. B., Moser, 1., & Holthaus, M. (2018). Implementation of an adaptive
instructional design for a physics module in a learning management system. In Proceedings
of the 15th international conference on cognition and exploratory learning in the digital age,
CELDA 2018.

Jameson, A. (2003). Adaptive interfaces and agents. In J. A. Jacko & A. Sears (Eds.), The human-
computer interaction handbook (pp. 305-330). Hillsdale: Lawrence Erlbaum. Retrieved from
https://chusable.com/archives/homepage-2017/pdf/hci-handbook.jameson.pdf

Kalyuga, S. (2007). Expertise reversal effect and its implications for learner-tailored instruction.
Educational Psychology Review, 19(4), 509-539. https://doi.org/10.1007/s10648-007-9054-3.

Kalyuga, S. (2009). Instructional designs for the development of transferable knowledge and
skills: A cognitive load perspective. Computers in Human Behavior, 25(2), 332-338. https://
doi.org/10.1016/j.chb.2008.12.019.

Kalyuga, S., & Singh, A.-M. (2016). Rethinking the boundaries of cognitive load theory in
complex learning. Educational Psychology Review, 28(4), 831-852. https://doi.org/10.1007/
$10648-015-9352-0.

Kalyuga, S., Ayres, P., Chandler, P., & Sweller, J. (2003). The expertise reversal effect. Educational
Psychologist, 38(1), 23-31. https://doi.org/10.1207/S15326985EP3801_4.

Khosravi, H., Gasevic, D., & Sadiq, S. (2020). Development and adoption of an adaptive learning
system. https://doi.org/10.1145/3328778.3366900.

Kirschner, P. A. (2017). Stop propagating the learning styles myth. Computers & Education, 106,
166—-171. https://doi.org/10.1016/J.COMPEDU.2016.12.006.

Kirschner, P. A., & van Merriénboer, J. J. G. (2013). Do learners really know best? Urban legends
in education. Educational Psychologist, 48(3), 169—183. https://doi.org/10.1080/00461520.20
13.804395.

Knutov, E. (2012). Generic adaptation framework for unifying adaptive web-based sys-
tems. Eindhoven: Technische Universiteit Eindhoven. https://doi.org/10.6100/IR732111

Kobsa, A., Koenemann, J., & Pohl, W. (2001). Personalised hypermedia presentation techniques
for improving online customer relationships. The Knowledge Engineering Review, 16(2), 111—
155. https://doi.org/10.1017/s0269888901000108.


https://doi.org/10.1007/978-3-030-22871-2_42
https://doi.org/10.1186/s40561-016-0038-y
https://universitybusiness.com/clearing-the-hurdles-to-adaptive-learning/
https://universitybusiness.com/clearing-the-hurdles-to-adaptive-learning/
https://doi.org/10.1109/SIPROCESS.2019.8868893
https://doi.org/10.1109/SIPROCESS.2019.8868893
https://doi.org/10.1007/978-3-642-16607-5_26
https://doi.org/10.1007/978-3-642-16607-5_26
https://doi.org/10.1111/j.1467-8535.2012.01300.x
https://chusable.com/archives/homepage-2017/pdf/hci-handbook.jameson.pdf
https://doi.org/10.1007/s10648-007-9054-3
https://doi.org/10.1016/j.chb.2008.12.019
https://doi.org/10.1016/j.chb.2008.12.019
https://doi.org/10.1007/s10648-015-9352-0
https://doi.org/10.1007/s10648-015-9352-0
https://doi.org/10.1207/S15326985EP3801_4
https://doi.org/10.1145/3328778.3366900
https://doi.org/10.1016/J.COMPEDU.2016.12.006
https://doi.org/10.1080/00461520.2013.804395
https://doi.org/10.1080/00461520.2013.804395
https://doi.org/10.6100/IR732111
https://doi.org/10.1017/s0269888901000108

6 Implementation of Adaptive Learning Systems: Current State and Potential 113

Koedinger, K. R., & Aleven, V. (2007). Exploring the assistance dilemma in experiments with
cognitive tutors. Educational Psychology Review, 19(3), 239-264. https://doi.org/10.1007/
$10648-007-9049-0.

Koedinger, K. R., Brunskill, E., Baker, R. S. J., McLaughlin, E. A., & Stamper, J. C. (2013).
New potentials for data-driven intelligent tutoring system development and optimization. A/
Magazine, 34(3), 27. https://doi.org/10.1609/aimag.v34i3.2484.

Kolekar, S. V., Pai, R. M., & Manohara Pai, M. M. (2019). Rule based adaptive user interface for
adaptive e-learning system. Education and Information Technologies, 24(1), 613—641. https://
doi.org/10.1007/s10639-018-9788-1.

Lee, C. H., & Kalyuga, S. (2014). Expertise reversal effect and its instructional implications. In
Applying science of learning in education: Infusing psychological science into the curriculum
(pp- 32-44). Washington, DC: Society for the Teaching of Psychology. Retrieved from http://
psycnet.apa.org/record/2013-44868-003

Leris, D., Sein-Echaluce, M. L., Hernandez, M., & Bueno, C. (2017). Validation of indicators for
implementing an adaptive platform for MOOCs. Computers in Human Behavior, 72, 783-795.
https://doi.org/10.1016/j.chb.2016.07.054.

Levy, Y. (2007). Comparing dropouts and persistence in e-learning courses. Computers &
Education, 48(2), 185-204. https://doi.org/10.1016/J.COMPEDU.2004.12.004.

Long, Y., & Aleven, V. (2013). Skill diaries: Improve student learning in an intelligent tutoring
system with periodic self-assessment. In International Conference on Artificial Intelligence in
Education (pp. 249-258). Springer, Berlin, Heidelberg.

Lu, J., Yu, C.-S., & Liu, C. (2003). Learning style, learning patterns, and learning performance
in a WebCT-based MIS course. Information & Management, 40(6), 497-507. https://doi.
org/10.1016/S0378-7206(02)00064-2.

Mavroudi, A., Giannakos, M., & Krogstie, J. (2018). Supporting adaptive learning pathways
through the use of learning analytics: Developments, challenges and future opportunities.
Interactive Learning Environments, 26(2), 206-220. https://doi.org/10.1080/10494820.2017.
1292531.

Mazziotti, C., Holmes, W., Wiedmann, M., Loibp, K., Rummel, N., Mavrikis, M., et al. (2015).
Robust student knowledge: Adapting to individual student needs as they explore the concepts
and practice the procedures of fractions. CEUR Workshop Proceedings, 1432, 32—40.

McQuiggan, S. W., Mott, B. W., & Lester, J. C. (2008). Modeling self-efficacy in intelligent tutor-
ing systems: An inductive approach. User Modeling and User-Adapted Interaction, 18(1-2),
81-123. https://doi.org/10.1007/s11257-007-9040-y.

Mirata, V., & Bergamin, P. B. (2019). Developing an implementation framework for adaptive learn-
ing: A case study approach. In Proceedings of the 18th European conference on e-learning.
Copenhagen, Denmark, 7-8 November 2019.

Muldner, K., & Conati, C. (2007). Evaluating a decision-theoretic approach to tailored exam-
ple selection. In IJCAI 2007, proceedings of the 20th international joint conference on arti-
ficial intelligence. Hyderabad, India. Retrieved from https://www.ijcai.org/Proceedings/07/
Papers/076.pdf

Murray, M. C., & Pérez, J. (2015). Informing and performing: A study comparing adaptive learn-
ing to traditional learning. Informing Science, 18(1), 111-125. https://doi.org/10.28945/2165.

Naki¢, J., Grani¢, A., & Glavini¢, V. (2015). Anatomy of student models in adaptive learning sys-
tems: A systematic literature review of individual differences from 2001 to 2013. Journal of
Educational Computing Research, 51(4), 459-489. https://doi.org/10.2190/EC.51.4.e.

Own, Z. (2006). The application of an adaptive web-based learning environment on oxidation—
reduction reactions. International Journal of Science and Mathematics Education, 4(1), 73-96.
https://doi.org/10.1007/s10763-004-8129-6.

Oxman, S., & Wong, W. (2014). White Paper: Adaptive learning systems. Retrieved from http://
kenanaonline.com/files/0100/100321/DVx{\_}Adaptive{\_}Learning{\_} White{\_}Paper.pdf

Pancar, T., Holthaus, M., & Bergamin, P. B. (2019). Enhanced system usability scale for adap-
tive courses. In The twelfth international conference on advances in human-oriented and


https://doi.org/10.1007/s10648-007-9049-0
https://doi.org/10.1007/s10648-007-9049-0
https://doi.org/10.1609/aimag.v34i3.2484
https://doi.org/10.1007/s10639-018-9788-1
https://doi.org/10.1007/s10639-018-9788-1
http://psycnet.apa.org/record/2013-44868-003
http://psycnet.apa.org/record/2013-44868-003
https://doi.org/10.1016/j.chb.2016.07.054
https://doi.org/10.1016/J.COMPEDU.2004.12.004
https://doi.org/10.1016/S0378-7206(02)00064-2
https://doi.org/10.1016/S0378-7206(02)00064-2
https://doi.org/10.1080/10494820.2017.1292531
https://doi.org/10.1080/10494820.2017.1292531
https://doi.org/10.1007/s11257-007-9040-y
https://www.ijcai.org/Proceedings/07/Papers/076.pdf
https://www.ijcai.org/Proceedings/07/Papers/076.pdf
https://doi.org/10.28945/2165
https://doi.org/10.2190/EC.51.4.e
https://doi.org/10.1007/s10763-004-8129-6
http://kenanaonline.com/files/0100/100321/DVx{/_}Adaptive{/_}Learning{/_}White{/_}Paper.pdf
http://kenanaonline.com/files/0100/100321/DVx{/_}Adaptive{/_}Learning{/_}White{/_}Paper.pdf

114 C. Imhof et al.

personalized mechanisms, technologies, and services, centric 2019, Valencia, Spain, 24-28
November 2019.

Pliakos, K., Joo, S. H., Park, J. Y., Cornillie, F., Vens, C., & Van den Noortgate, W. (2019).
Integrating machine learning into item response theory for addressing the cold start problem in
adaptive learning systems. Computers and Education, 137, 91-103. https://doi.org/10.1016/j.
compedu.2019.04.009.

Rey, G. D., & Buchwald, F. (2011). The expertise reversal effect: Cognitive load and motiva-
tional explanations. Journal of Experimental Psychology: Applied, 17(1), 33-48. https://doi.
org/10.1037/a0022243.

Rus, V., Baggett, W., Gire, E., Franceschetti, D., Conley, M., & Graesser, A. (2013). Towards
learner models based on learning progressions in DeepTutor. Retrieved from www.semantic-
similarity.org

Scanlon, E., Sharples, M., Fenton-O’Creevy, M., Fleck, J., Cooban, C., Ferguson, R., et al. (2013).
Beyond prototypes: Enabling innovation in technology-enhanced learning. Milton Keynes:
Open University. Retrieved from http://beyondprototypes.com/

Scheiter, K., Fillisch, B., Krebs, M.-C., Leber, J., Ploetzner, R., Renkl, A., et al. (2017). How
to design adaptive information environments to support self-regulated learning with mul-
timedia. In Informational environments (pp. 203-223). Cham: Springer. https://doi.
org/10.1007/978-3-319-64274-1_9.

Schertzer, C. B., & Schertzer, S. M. B. (2004). Student satisfaction and retention: A conceptual
model. Journal of Marketing for Higher Education, 14(1), 79-91. https://doi.org/10.1300/
JO50v14n01.

Shelle, G., Earnesty, D., Pilkenton, A., & Powell, E. (2018). Adaptive learning: An innovative
method for online teaching and learning. Journal of Extension, 56(5). Retrieved from https://
joe.org/joe/2018september/pdf/JOE{\_}v56{\_}5a5.pdf

Shute, V., & Towle, B. (2003). Adaptive e-learning. Educational Psychologist, 38(2), 105-114.
https://doi.org/10.1207/S15326985EP3802_5.

Somyiirek, S. (2015). The new trends in adaptive educational hypermedia systems. The
International Review of Research in Open and Distance Learning, 16(1), 221-241. https://doi.
org/10.19173/irrodl.v16i1.1946.

Sottilare, R. A., & Goodwin, G. A. (2017). Adaptive instructional methods to accelerate learn-
ing and enhance learning capacity. Retrieved from https://gifttutoring.org/attachments/down-
load/2427/Sottilare and Goodwin DHSS2017.pdf

Sweller, J. (1988). Cognitive load during problem solving: Effects on learning. Cognitive Science,
12,257-285.

Tai, M., Arroyo, 1., & Woolf, B. P. (2013). Teammate relationships improve help-seeking behav-
ior in an intelligent tutoring system. International Conference on Artificial Intelligence in
Education (pp. 239-248). Springer, Berlin, Heidelberg. https://doi.org/10.1007/978-3-642-
39112-5_25.

van Merriénboer, J. J. G., & Sluijsmans, D. M. A. (2009). Toward a synthesis of cognitive load the-
ory, four-component instructional design, and self-directed learning. Educational Psychology
Review, 21(1), 55-66. https://doi.org/10.1007/s10648-008-9092-5.

van Merriénboer, J. J. G., & Sweller, J. (2005). Cognitive load theory and complex learning:
Recent developments and future directions. Educational Psychology Review, 17(2), 147-177.
https://doi.org/10.1007/s10648-005-3951-0.

Vagale, V., & Niedrite, L. (2012). Learner model’ s utilization in the e-learning environments.
In Tenth international Baltic conference on databases and information systems. Vilnius,
Lithuania, pp. 162-174.

Vandewaetere, M., Desmet, P., & Clarebout, G. (2011). The contribution of learner characteristics
in the development of computer-based adaptive learning environments. Computers in Human
Behavior, 27, 118-130. https://doi.org/10.1016/j.chb.2010.07.038.


https://doi.org/10.1016/j.compedu.2019.04.009
https://doi.org/10.1016/j.compedu.2019.04.009
https://doi.org/10.1037/a0022243
https://doi.org/10.1037/a0022243
http://www.semanticsimilarity.org
http://www.semanticsimilarity.org
http://beyondprototypes.com/
https://doi.org/10.1007/978-3-319-64274-1_9
https://doi.org/10.1007/978-3-319-64274-1_9
https://doi.org/10.1300/J050v14n01
https://doi.org/10.1300/J050v14n01
https://joe.org/joe/2018september/pdf/JOE{/_}v56{/_}5a5.pdf
https://joe.org/joe/2018september/pdf/JOE{/_}v56{/_}5a5.pdf
https://doi.org/10.1207/S15326985EP3802_5
https://doi.org/10.19173/irrodl.v16i1.1946
https://doi.org/10.19173/irrodl.v16i1.1946
https://gifttutoring.org/attachments/download/2427/Sottilare and Goodwin DHSS2017.pdf
https://gifttutoring.org/attachments/download/2427/Sottilare and Goodwin DHSS2017.pdf
https://doi.org/10.1007/978-3-642-39112-5_25
https://doi.org/10.1007/978-3-642-39112-5_25
https://doi.org/10.1007/s10648-008-9092-5
https://doi.org/10.1007/s10648-005-3951-0
https://doi.org/10.1016/j.chb.2010.07.038

6 Implementation of Adaptive Learning Systems: Current State and Potential 115

Verdu, E., Regueras, L. M., Verdd, M. J., De Castro, J. P., & Pérez, M. A. (2008). An analysis of
the research on adaptive learning: The next generation of e-learning. WSEAS Transactions on
Information Science and Applications, 5(6), 859-868.

Vesin, B., Mangaroska, K., & Giannakos, M. (2018). Learning in smart environments: User-
centered design and analytics of an adaptive learning system. Smart Learning Environments,
5(1). https://doi.org/10.1186/s40561-018-0071-0.

Vygotsky, L. S. (1978). Mind in society: the development of higher psychological processes
(p. 159). Cambridge, MA: Harvard University Press.

Walkington, C. A. (2013). Using adaptive learning technologies to personalize instruction to stu-
dent interests: The impact of relevant contexts on performance and learning outcomes. Journal
of Educational Psychology, 105(4), 932-945. https://doi.org/10.1037/a0031882.

Wauters, K., Desmet, P., & Van Den Noortgate, W. (2010). Adaptive item-based learning environ-
ments based on the item response theory: Possibilities and challenges. Journal of Computer
Assisted Learning, 26(6), 549-562. https://doi.org/10.1111/j.1365-2729.2010.00368.x.

Xie, H., Chu, H.-C., Hwang, G.-J., & Wang, C.-C. (2019). Trends and development in
technology-enhanced adaptive/personalized learning: A systematic review of journal publi-
cations from 2007 to 2017. Computers & Education, 140, 103599. https://doi.org/10.1016/].
COMPEDU.2019.103599.

Yang, T. C., Hwang, G.-J., & Yang, S. J. H. (2013). Development of an adaptive learning system
with multiple perspectives based on students’ learning styles and cognitive styles. Educational
Technology and Society, 16(4), 185-200.

Yuan, X. (2019). Model and implementation of personalized adaptive learning and analy-
sis technology based on large data. International Conference on Artificial Intelligence
and Advanced Manufacturing (pp. 202-205), Dublin, Ireland. https://doi.org/10.1109/
ATAM48774.2019.00048.

Zimmerman, B. J. (2008). Investigating self-regulation and motivation: Historical background,
methodological developments, and future prospects. American Educational Research Journal,
45(1), 166—-183. https://doi.org/10.3102/0002831207312909.

Zliobaite, 1., Bifet, A., Gaber, M., Gabrys, B., Gama, J., Minku, L., & Musial, K. (2012). Next
challenges for adaptive learning systems. ACM SIGKDD Explorations Newsletter, 14(1), 48.
https://doi.org/10.1145/2408736.2408746.


https://doi.org/10.1186/s40561-018-0071-0
https://doi.org/10.1037/a0031882
https://doi.org/10.1111/j.1365-2729.2010.00368.x
https://doi.org/10.1016/J.COMPEDU.2019.103599
https://doi.org/10.1016/J.COMPEDU.2019.103599
https://doi.org/10.3102/0002831207312909
https://doi.org/10.1145/2408736.2408746

	Chapter 6: Implementation of Adaptive Learning Systems: Current State and Potential
	6.1 Introduction
	6.2 Definition of Adaptive Learning
	6.3 Core Components of Adaptive Learning Systems and Their Implementation
	6.3.1 Why Is Adaptation Wanted? The Reasons for and Goals of Adaptation
	6.3.2 What Can or Should Be Adapted and How? The Objects, Methods and Techniques of Adaptation
	6.3.3 What Can or Should Be Adapted to? The Basis of Adaptation
	6.3.4 When and Where Can Adaptation Be Applied? The Context of Adaptation

	6.4 Current State of the Research
	6.4.1 Learner Performance: Effectiveness and Efficiency of Adaptive Learning Systems
	6.4.2 Satisfaction Among Learners
	6.4.3 Implementation of Adaptive Learning Systems

	6.5 Practical Implications and Future Potential of Adaptive Learning Systems
	References




