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Abstract. Adaptive Learning Systems offer customized learning expe-
riences according to the actual student needs and capabilities. Effective
student modelling, adequate representation of the knowledge domain and
proper characterization of learning tools are key issues to provide high
quality Adaptive Learning Systems. Most current systems are based
on Artificial Intelligence techniques (e.g. fuzzy logic, neural networks,
Bayesian networks, etc.) trying to reproduce human teaching behaviours
by using a computational representation of expertise. This paper offers a
survey on Adaptive Learning showing how Computational Science tech-
niques are applied to instructional systems and identifying forthcoming
trends for the future.

1 Introduction

Information and Communication Technologies (ICT) have been applied to the
field of Education during the last years. Advantages of training supported, either
completely or partially, by new technologies (commonly called e-learning) have
been broadly discussed in many forums. Being aware of these advantages, many
institutions both public and private have adopted e-learning in their training
and instruction departments.

Web-based e-learning systems have progressively evolved from basic reposito-
ries of simple HTML documents to complex learning environments that include
tools enabling different educational paradigms like “learning by doing” or “col-
laborative learning”. However, current commercial e-learning systems do not
completely make use of all the potential that can be provided by New Technolo-
gies. Particularly, most of them do not offer students with learning experiences
that are unique and tailored to their needs, interests, preferences, learning style
and working environment in order to maximize the effectiveness of learning.
Currently, few experimental platforms deal with personalisation and adaptation
to each particular student. These platforms, called Adaptive Learning Systems
(ALSs), are the result of the effort from researchers that combine two tradition-
ally distinct areas: Instructional Science and Computational Science [1].
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This paper presents a survey on Adaptive Learning, showing how Computa-
tional Science techniques and methods are applied to instructional systems and
identifying forthcoming trends. Section 2 deals with the basic concepts involved
in the field and presents a common abstract model for ALSs. In Section 3 some
examples of currently available ALSs developed by different researching groups
are discussed. Finally, Section 4 presents some conclusions and trends for the
future.

2 A Conceptual Model for Adaptive Learning

According to [2], one of the main reasons to provide adaptation in Web-based
e-learning systems is the great variety of users involved. In traditional educa-
tional environments, teachers apply a common pedagogical method regardless
of the possible heterogeneity among their students. Most conventional systems
assume that all the students in the same classroom have acquired the same level
of knowledge so far and are prepared to acquire new knowledge at the same level.
This is clearly arguable and definitely false in most Internet-based e-learning en-
vironments where students may have different background, availability to follow
the courses and even a different language and culture.

This situation led researchers in the Artificial Intelligence area to develop
Intelligent Tutoring Systems (ITS), which are software tools designed and pro-
grammed to “intelligently” reproduce human teaching behaviours by using a
computational representation of expertise in instructional methods. For this,
they need to model the knowledge domain in question and the learner skills and
capabilities. Other aspects subject to adaptation include user interfaces, special
requirements for disabled people, etc.

From a Conceptual point of view, an ALS is composed of the Student Model,
the Domain Model, the Adaptation Model, the Adaptation Engine, and, in some
modern systems, a Environment Model (c.f. Fig. 1):

– Student Model: The Student Model stores relevant information about a
particular student and can include, depending on the specific system, his/her
personal data, individual preferences, learning style, cultural facets, possible
disabilities and background experience and current capabilities for a partic-
ular knowledge domain.

– Domain Model: The Domain Model is the repository for storing and struc-
turing the learning contents and the overall knowledge on a particular do-
main: involved concepts, relevant properties from a pedagogical point of view
to study, requirements, goals, etc.

– Environment Model: The Environment Model includes a description of
the capabilities of the hardware devices and software applications used by
the student in a particular learning session. It can be used to determine the
most appropriate form of a resource to be delivered to each particular stu-
dent’s equipment. This model provides ubiquitous access [3] to the learning
environment.
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Fig. 1. Conceptual Model for Adaptive Learning Systems

– Adaptation Model: The Adaptation Model contains the specific inferential
rules that define how the User Model, Domain Model, and Environment
Model elements are combined to provide the actual adaptation.

– Adaptation Engine: The Adaptation Engine is the software process that
combines information from the Student, Domain and Environment models
and the actual learner interaction with the system in order to personalize
the learning process for appropriate learning experiences. It is guided by the
rules described in the Adaptation Model. In essence, it is an inference engine,
i.e. an automatic control mechanism that applies the axiomatic knowledge
present in the knowledge base to arrive at some conclusion: the adequate
learning contents to be delivered to the learner.

3 Computational Science Techniques in ALS

The development of Adaptive Learning Systems is a highly complex activity.
Architects of these sophisticated environments must address with complicated
issues like effective student modelling, adequate representation of the knowledge
domain, proper characterization of the learning environments or identification
and design of appropriate and flexible pedagogical control rules. Many times, it
is very difficult, or even impossible, to exactly deal with some of these problems.
For example, how can be exactly represented the knowledge level of a student
in a particular subject? or, even more, how can be represented such an abstract
concept like the student motivation?. Futhermore, the computational complexity
of the algorithms needed to automatically take decissions (e.g. which is the
most appropiate next lesson for a particular learner) or “on-the-fly” adjust the
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different models from the user interactions with the system are difficult issues
to deal with.

Fortunately, it is not necessary to design perfect models and algorithms to
get useful adaptive outcomes. For example, it is often better an algorithm that
recommends interesting paths in a course organization with a predictive accuracy
of 80% over an algorithm that achieves 90% if the former requires considerably
less CPU time. Modern Adaptive Learning Systems are almost always based on
some Artificial Intelligence (AI) technique, like Fuzzy Logic, Neural Networks
or, about all, Bayesian Networks.

Bayesian Networks (BNs) are directed acyclic graphs where nodes represent
variables and arcs represent probabilistic dependence among variables. These
networks, and several variations of them, have steadily been applied in ALSs [4].
They are usually used to represent the student model. Depending on the par-
ticular ALS, the variables can be asociated with “concepts”, “problems”, “abili-
ties”, etc, and they are linked by relationships between them, such as “part-of”,
“prerequisite-of”, “evaluation-item-of”, etc. A typicall usage setting is showed in
Fig. 2.
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Fig. 2. Use of Bayesian Networks in Adaptive Learnin Systems

In the BN of the figure, upper nodes (Knowledge Nodes) are associated with
the topics making up a course, arcs determine the relationship among the dif-
ferent topics and variables of each node indicate the likelihood of the student
“knowing” that piece of the course. Bottom nodes (Evidential Nodes) are as-
sociated with the test items used to diagnose the knowledge level about the
particular topics. Relationships among bottom and upper nodes represent the
probabilistic influence of the test items on the Knowledge Nodes.
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To characterize the network it is necessary to define its parameters, i.e.,
the set of discrete conditional probability distribution of each variable given its
parents:

P (Xi|pa(Xi)), i = 1, ..., n

where Xi are the variables and pa(Xi) represents the set of the parents of Xi.
This set of probabilities defines the joint probability distribution for the entire
network as:

P (X1, ..., Xn) =
n∏

i=1

(Xi|pa(Xi))

These networks are updated in real time, using some approximation algo-
rithm, as the student interact with the learning platform. The information of
the student given by the BN is used by the ALS to make different decisions,
depending on the particular system. For example, if the BN determines that the
student does not understand a topic, a short mini lesson explaining the involved
concepts could appear on the user screen.

In the next sub-sections we briefly describe some developed systems, showing
the different techniques or approaches used to deal with the different aspects of
adaptation.

3.1 ELM Adaptive Remote Tutor (ELM-ART)

ELM-ART [5] is an intelligent interactive educational system to support learning
programming in LISP. For a student, the system can be viewed as an interac-
tive text-book with support for several types of adaptive navigation, interactive
examples and automatic intelligent selection and evaluation of exercises (sim-
ple questions and programming problems to solve). It also supports additional
functionalities, like a glossary of LISP constructs, a personal annotation tool, a
portfolio viewer (where the student can see the set of all analyzed examples and
all the solutions of solved problems) or several communication tools.

ELM-ART represents the domain knowledge (Domain Model) in terms of a
conceptual network, where units to be learned are organized hierarchically into
lessons, sections, subsections and terminal pages (units). Each unit is represented
as an object containing slots for the text to be presented to the learner and for
information that can be used to relate units to each other (prerequisites, related
test items or inference links).

The Student Model is represented as an Overlay Model [6] (where the stu-
dent’ knowledge is considered as a subset of the expert’ knowledge) arranged in
four layers. The first layer, Visited State, describes whether the user has already
visited a unit; the Learner State layer contains information on which exercises
related to a particular unit the user has worked at and whether he/she success-
fully mastered them; the Inferred State layer describes whether a unit could be
inferred as known via inference links from more advanced units the user already
worked successfully; at last, the Known State, describes whether a unit has been
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marked by the learner as already known. Information in the different layers of
the learner model is updated automatically and independently during each in-
teraction with the system. Additionally, students are provided with a tool for
inspecting and partially modifying his/her current model.

These models enable both the individual curriculum sequencing and the per-
sonalized visual annotation of links. ELM-ART also supports user interface per-
sonalization according to the preferences revealed by the students.

3.2 Intelligent Distributed Environment for Active Learning
(IDEAL)

IDEAL [7] is an intelligent agent-based environment for active learning. The
system consists of a number of specialized agents with different expertise. Each
student is assigned a unique Personal Agent that manages the student’s per-
sonal profile (Student Model) including knowledge background, learning styles,
interests, courses enrolled in, etc. The Course Agents manage course materials
and course-specific teaching techniques for a course. At last, the Teacher Agent
interacts with a student and serves as an intelligent tutor of a course. The basic
components of a teaching agent are a domain expert module (it creates exercises
and questions according to the student’s background and learning status, pro-
vides solutions and explains the concepts and solutions to cope with student’s
misconceptions), a pedagogical module (it is a rule-based production system that
uses the student model and pedagogical knowledge to determine the appropri-
ate actions) and a student modeller (it provides a model of a student based on
his/her learning style, knowledge background and interests).

In IDEAL, the student level of expertise is inferred from the performance of
students on exercises and quizzes using a Bayesian belief network. This model
incorporates uncertainty to take into account the probability of slips (students
sometimes miss questions that they should know) and lucky guesses (correct
answers to questions of higher level than student’s level). The measure of how
well a skill is learned is represented as a probability distribution over skill levels,
such as novice, beginning, intermediate, advanced and expert. The conditional
probability of skill levels is as follows:

P (X = xj |Q) =
1

P (Q)
∗ P (X = xj)∗

(1 − s)
∑j

i=1
(qi+) ∗ s

∑j

i=1
(qi−) ∗ g

∑n

i=j+1
(qi+) ∗ (1 − g)

∑n

i=j+1
(qi−)

where X represents the skill levels; Q is the evidence vetor of n elements,
in which each element qi contains two numbers, ei+ and ei−, corresponding to
the number of correct and incorrect answers to questions at difficulty level i
respectively; s is the probability of a slip; and g is the probability of a guess.

The system incorporate a proprietary approach to course content organiza-
tion and delivery, which is developed based on smart instructional components,
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called lecturelets. Lecturelets contain both the learning resources (concept de-
scriptions, examples, quizzes, etc.) and the instructions on how the resources
should be processed or displayed.

3.3 Self-Paced and Adaptive Courseware (SAC) System

SAC [8] is a self-paced and adaptive courseware system developed at the Hong
Kong Polytechnic University. This system provides dynamic navigational guid-
ance to students taking online courses. It has been designed and implemented
on a three-tier web application architecture which uses the Adaptive Hyperme-
dia Application Model (AHAM) [9], a widely used reference model in Adaptive
Hypermedia [10] systems.

The AHAM model is composed by tree sub-models:

– The Domain Model describes how the information is structured and linked
together in term of concepts and concept relationships.

– The User Model is (conceptually) a table which associate each concept in
the Domain Model with a set of attributes. Most of the implementations of
this model include the attributes:

• Knowledge Value: it indicates how much the user knows about the con-
cept.

• Read: It indicates whether the user read something (a fragment, a page
or a set of pages) about the concept.

A less common attribute would be Ready To Read, which indicates whether
the user is ready to access this concept.

– The Teaching Model is a set of pedagogical rules which define how the do-
main model and the user model are combined to provide ways to perform the
actual adaptation. These rules are used also to determine how to compute
the attributes of the Domain Model. As an simplified example, the following
rule:

< access(C2) AND C1.read=true ⇒ C3.ready-to-read=true, true >

expresses that when Concept2 is accessed and Concept1 is already read, the
Concept3 can be accessed. The true parameter points out that more rules
can be processed.

4 Conclusions and Future Trends

In spite of the great advantages reported by the researching community, as was
mentioned in Section 1, at present, Adaptive Learning Systems have failed to
gain widespread acceptance outside the researching laboratories. Thus, the many
e-learning platforms that predominate in the current market (such as WebCT
[11], IBM LearningSpace [12] or Blackboard Learning System [13]), used by
thousands of educational providers, do not offer the possibilities of adaptation
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or personalization depending on the learner’s characteristics, or they are very
limited. Among the several reasons adduced by the scientists (c.f. [14]), one is
widely cited and agreed:

Courses for ALSs are costly to build, needing among 100 and 1000 hours to
produce an hour of instructional material.

Solving this problem will be an enormous breakthrough in ALS research.
However we want to stand out another critical factor that will determine the
final acceptance of these systems: Recently, several organizations and institu-
tions have been thoroughly working towards the development of standards and
recommendations aimed to solve the interoperability problems currently found
in the e-learning domain [15]. It is foreseeable that near future educational plat-
forms will be developed taken into account the results from this standardization
process. Thus, it is essential that both ALS researchers to bear in mind this stan-
dardization process and standardization bodies to consider the issues implicated
in ALS in order to guaranty the utilization of adaptation techniques.

First proposals from the e-learning standardization process are currently in
scene and some manufacturers have begun to adopt them. However, they are
not used at all in Adaptive Learning Systems. The reason of this fact resides, on
the one hand, in the dedication of ALS researchers to solve particular teaching
and pedagogical problems, whithout considering questions such as compatibility.
On the other hand, current proposals present some troubles for using them in
adaptive environments, being the most outstanding the lack of integration among
them (see [16] for a more detailled discusion about this).
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