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Abstract. This paper presents adjustable autonomy and its application in adaptive
course sequencing. The research aims to explore an adaptive course sequencing
system (ACSS) which adapts the sequence of learning objects based on the
student’s profile and learning behaviour using soft computing techniques. The
main contribution of this research is to make ACSS user driven by equipping it
with adjustable autonomy mechanisms which allows student, tutor or some
automated process to set the desired level of autonomous guidance. In addition, the
system enables the teacher to reedit the sequence/guidance rules. Hence, we
believe that a student will learn better when he/she learn using such a system, a
hypothesis the longer term work of this student will seek to confirm. This paper
gives an overview of the research area and presents an initial conceptual model
which describes the ACSS’s units and the relationship between these units.
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Introduction

Sequencing learning objects in intelligent tutoring system is one of a teacher’s or
instructor’s responsibilities. Hence, he/she has to provide the domain model together
with rules needed by the tutoring model to guide a student through a sequence of
learning objects. However, this method is not sufficiently adaptive and personalized for
individual students.

Therefore, we are proposing a new approach which we have named the Adaptive
Course Sequencing System (ACSS). ACSS neither provides a fixed sequence of
learning objects nor requires the teacher to dictate the rules for the guidance. Instead, it
uses soft computing techniques to build an adaptive and dynamic sequence. This is
done by offering number of learning objects and allowing the student to choose the
learning objects he/she prefers to learn. ACSS then observes the student’s learning
behaviour and builds a profile for the student. The profile is then analyzed and informs
a personalised tutoring agent so it can act as a sequence learning guide, suggesting the
most appropriate learning path through a palette of learning objects.

By achieving that, we believe that students, particularly mature learners will learn
better. However, as in real life, learners require differing levels of support a need we
address by providing an adjustable autonomy tutor (i.e. an agent that can have the
amount of help it provides adjustable). The amount of help a learner needs depends on
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numerous factors such as their previous knowledge of the subject, the quality and
teaching style of the current learning object and even how the student feels on that
particular day. Therefore, equipping intelligent tutoring system with the adjustable
autonomy mechanisms will make the system more adaptable and dynamic to the
numerous variables that characterise the particular learning needs of a student. In
addition, it will allow the learner or tutor to have the control and choose the preferred
level of autonomy which in turns leads to learning better.

The main aim of this research is to devise an adaptive course sequencing system
(ACSS) which learns students’ needs and provides an adjustable level of support in
guiding them through a set of learning object. This involves exploring the need for
adjustable autonomy in ACSS and the ways of enabling adjustable autonomy in ACSS.

1. Related work

1.1. Intelligent Tutoring Systems

Intelligent Tutoring Systems (ITS) are computer-based learning systems which attempt
to adapt to the needs of learners [1]. It operates by facilitating ITS components
(domain, student, tutoring, and user interface models) to interact so as to achieve
various leaning and knowledge acquisitions[2]. In addition, ITS is the only part of the
general IT and educational research which seeks, its scientific goals, to make
computationally precise and explicit, forms of educational, psychological and social
knowledge, which are more often left implicit” [1]. The following sections describe
the ITS components (domain, student, tutoring, and user interface models) in more
detail:

1.1.1. Domain model

This represents information about specific problems. It includes entities, definitions,
processes, skills, and relations. In some problems it defines how experts should
perform in a given domain, such as how to administer medications for disease [3],
generate algebraic equations [4], or multiply numbers [5], to give but sum examples.
There are three popular approaches for representing and reasoning domain knowledge
which are; rule-based models, constraint-based models, and expert models.

1.1.2. Student Model

This represents the level of a student’s conceptual understanding of a domain and
describes how to reason about the student’s knowledge of the domain. In its specific
meaning, it contains information regarding a typical student’s domain skill
(stereotypic) and the information about current students. Examples of the latter include
possible misconceptions about a domain, time spent on particular problem, the hints
requested during learning, and the preferred presentation and learning style. [6].

1.1.3. Tutoring Model

This model comprises the series of decisions that should be implemented to identify a
representation plus a descriptive assessment of the learning of knowledge, skills, and
competencies. [8]
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Woolf (2010) is of the view that tutoring models represents teaching strategies.
This includes methods for encoding reasoning about the feedback from initial
processing. Such encodings can be derived from empirical observation of teachers
informed by learning theories, or enabled by technology, thus being only weakly
related to a human analogue (simulations, animated characters).

1.1.4. Communication model

This model represents methods adopted for communicating between the students and
computers. Examples of devices and processes used in communication models are
graphical 1/O interfaces, animated agents, and other dialogue mechanisms. Typical
communication includes graphical illustrations, managing communication, and
discussing student reasoning [2].

1.2. Adjustable Autonomy

Adjustable autonomy emerges from the underlying concept of agent autonomy which
centres on building sets of actions, the relationship between the actions, respective
scopes of each action, and the associated logical constraints governing the actions [9].

As identified by Bradshaw et-al. [9], a major challenge in adjustable autonomy is
the requirement that the degree of autonomy is continuously and transparently
consistent with declared policies ideally imposed and removed appropriately as desired.
Bradshaw et-al also introduced the concept of a “sweet spot”. According to this concept,
an autonomous system is governed in a way that balances the convenience to delegate
work with the assurance that delegating such work to a trusted system results in a
minimum risk of failure.

Recently, a project [10], [11] at the University of Essex designed and built a smart
home adjustable autonomy system which sought to collaborate with users to manage
common tasks in homes.

In this project, Ball and Callaghan [10], [14] categorize four level of adjustable
autonomy as being, full, high, low, and NO autonomy. In ‘full autonomy’ the agent
manages the environment without user assistance. To do this it monitors the user’s
habitual behaviour creating rules (learning) that it uses to pre-emotively set the
environment to a state it believes will match the user’s needs . High-Semi-autonomous
offer a mix of user and agent control which is commonly termed mixed initiative
interaction. It is similar to fully-autonomous operation except that it requires the user to
confirm automatically generated rules. This way, users can accept, reject, or edit the
rules generated by the agent. Low- semi-autonomous uses the same mixed initiative
interaction but uses an approach whereby the user offered suggestions by agent as an
aid to generating behavioural rules. Finally, ‘no autonomy’ is similar to low autonomy
with the added difference that, the user generates the rules without any assistance from
an agent. The Essex work in rooted in Chin’s end user programming research [13] and
Hagras’ fuzzy logic agents [12].

Various survey results indicate the usefulness of adjustable autonomy management
system for intelligent environments. Differences in styles, user preference, trust, and
dynamic control of autonomy level constitute the major findings as reported by many
researchers [14]. A typical finding in these surveys is that people prefer higher level of
control over personal systems such as entertainment and lower level of control over
systems such as heating and lighting that are not associated with a particular user
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experience and perception. We hypothesis that this desire for personal control will
extend to personalised learning.

2. Fictional Discussion to Illustrate Rationale

“Smith is a University lecturer and he teaches a Software Engineering Module. Smith
has been asked to use an online educational system to be used by students as a support
tool, accessing the system in their own time. However, Smith said he had a bad
experience with an online educational system. He said it had taken a long time to
create the learning design scheme, particularly the guidance rules that are used for
sequencing learning objects, which added greatly to the load on him. Therefore, he
asked if there is an alternative way to determine and program the sequence of the
learning objects. In addition, Smith said that he asked some students about their
preferences regarding the online educational system. He found that some students
asked more freedom in terms of choosing which learning objects would be studied.
Those students argued that some learning objects in the system might be known before
and if they are forced to study them again this would negatively affected their
motivation towards the module. In other words, those students said they wanted the
sequence of learning objects to be more flexible to allow them study only the learning
objects they needed. Other students added that if the system could recommend the most
appropriate learning path they should follow, that would improve their learning
experience.”

From that story, we can advise Smith and his students to use the Adaptive Course
Sequencing System (ACSS). ACSS is a web-based system which is capable of
profiling its users and suggesting appropriate learning path based on their profile. The
teacher is not required to provide ACSS with the sequence of the learning objects and
their conditions, which are used for the guidance. Alternatively, ACSS uses the soft
computing techniques to predict the most appropriate learning path for every student
based on his/her profile.

ACSS has node-based interface which allows students to choose the learning
objects they would like to learn. In addition, every node in this interface represents one
learning object and contains introduction, explanations and multiple-answer questions
(i.e. formative assessment). The student can read a node’s introduction by hovering
over the node with a mouse. Every node has one of three colours (blue: the student
hasn’t opened this node yet, green: the student has achieved the relevant learning
objective and Red: means the student could not answer the questions in this node).
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Sofrecare:

Figure 1. The node-based interface in ACSS

Every interaction between student and ACSS is recorded in student profile as well
as some information about the student (e.g. his/her gender, age and level of knowledge
...etc.). Once enough information is gathered about a student, ACSS, using soft
computing techniques, analyses student profiles and observes the patterns of the
sequences that students have made in order to generate guidance rules. Subsequently,
ACSS uses these rules to build a tutor model.

The tutor model contains sets of rules which are generated and refined over the
time by reasoning on student profiles. Each rule, when created, is assigned a value
between 0 and 1 as a level of confidence. The value of the confidence level increases
over the time based on who the repetition of the actions that make the rule. Rules that
have high confidence level are stored as ‘Active Rules’ whereas other rules are stored
as ‘Potential Rules’. Both sets are part of the tutor model.

On the other hand, ACSS is trained by teaching a number of students (software
engineering) and each lesson will have a number of learning objects with no
sequencing between them. After the ACSS is trained sufficiently, it has got affective
student profiles and tutor model. Hence, ACSS can present appropriate learning paths
for students’ based on their profile and experiences of other similar students. In
addition, the most appropriate learning path for the student will be presented in bold
solid black colour line and the alternative path will be presented in dashed grey colour.

2.1. The need of adjustable autonomy in ACSS

2.1.1. An lllustrative Scenario

“Sarah, Jane and David are learning using ACSS and they meet their teacher (Smith)
to discuss the benefit of this system. Sarah said, she does not like the node-based
interface (module map) in ACSS. She said that she is hesitant and the presentation of
the nodes and the learning paths made her confused which, in-turn, affected her
learning progress. She selected the option whereby ACSS would choose the most
appropriate learning path for her and force her to follow it without giving her the
ability to skip any learning object. In contrast, Jane said that the presentation of the
learning paths ACSS performs (as shown in Figure 1) is absolutely convenient for her
and she loves it. David said he likes the freedom he is given by ACSS for jumping
between learning objects but he does not want any kind of recommendation or
guidance from ACSS. In other words, he asked to keep the presentation of the learning
objects’ nodes as it is shown in Figure 1 but without it making suggestions as to his
learning path.
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Smith (the teacher) asked if there is a way allowing him to access the tutor model
to dictate and edit the rules.”

From this story, it can be said that the best way to make ACSS user-driven is by
implementing the mechanisms of Adjustable Autonomy. By doing this, every student
can choose from various levels of autonomy as described in this table:

Table 1. The levels of adjustable autonomy in ACSS

Autonomy Level Description
Full autonomy (3) The tutor model agent takes guidance responsibility and guides the
student from learning object to another without using the node-based
interface.
Partial autonomy (2) Students can choose their own sequence from the module map. In

addition, ACSS presents the appropriate learning paths and
recommends one of them.

No autonomy (1) Students can choose their own sequence from the module map. The
ACSS will not recommend the best learning path.
Instructor Programmed The teacher can access the tutor model and dictate new rules or edit

the existent rules.

After adjusting the autonomy of the tutor agent in ACSS, Sarah is then forced by ACSS
to follow the most appropriate learning path for her. ACSS guides her from learning
object to another depend on her profile. In addition, Sarah does not need to deal with
the node-based interface.

For Jane, who prefers the partial autonomy level, ACSS will continue acting as
before and she will not recognize any change.

For David who prefers the no autonomy level, the ACSS does not present the
recommended learning paths. He is free to choose the learning objects he would like to
learn from the module map (as before).

Smith (the teacher), can then access the tutor model and write or edit the rules. In
addition, he can reset the level of confidence for any rules.
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3. ACSS Conceptual Model
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Figure 2. ACSS Conceptual Model

Using the earlier scenario, we have proposed this conceptual model as a way of
delivering the required functionality. From the student’s perspective, this model is able
to give students’ the freedom to choose a path through learning objects as well as
recommend appropriate learning paths. In addition, it gives the student the ability to
choose the guidance method (e.g. enforce, recommend or no guidance). On the other
hand, the teacher/instructor can set the guidance rules simply and the learning objects
as well.

The model is divided into the following main parts: communication, user interface,
tutor-agent, context-agent, Analyzer, LO and assessments repository, student profile,
the tutor model and adjustable autonomy mechanism which are briefly described in the
following sections.

3.1. The communication

ACSS is a web-based application. Therefore, the learner uses the internet network to
access ACSS.

3.2. User Interface

ACSS has a node-based interface. That means every learning object will be presented
as a node, as previously described in the scenario. This interface will be presented to a
student who chooses one of these levels of autonomy namely: No autonomy (1) or
partial autonomy (2) or full-autonomy. However, the difference between these levels
in terms of the interface is that the module map will be presented for student who
chooses the partial autonomy level. In addition, a student who chooses the full
autonomy level will simply be presented with learning objects to complete (not the
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node-based interface or the module map). Technically, the development of the node
based and module map interface is being developed using Python and JavaScript
(D3.)s).

The teachers/instructors have a different user interface which allows them to
access the tutor model and set the learning sequence rules manually.

3.3. Tutor Agent

This agent manages the entire process. When a student starts using the ACSS, the tutor
agent will request student profile for this student. If there is no information about the
student’s knowledge level, the tutor agent will generate a formative assessment (taken
from the assessment repository) and ask the student to undertake it, storing the result in
the student profile. However, if the student has already done the formative assessment,
the tutor-agent will request some relevant information from student profile (i.e.
student’s preferences and performance) which is uses to request the related rules from
the tutor model. In addition, the tutor-agent takes into consideration the chosen
autonomy level and, based on that, the tutor-agent will chose the guidance method as
described in section Error! Reference source not found..

When the student finishes studying a learning object, the tutor-agent will request
the relevant assessment from the repository to test the student and then store the marks
in the student profile.

3.4. Context Agent

This agent is responsible for observing student learning behaviour and store the
information in the student profile.

3.5. Analyzer

This is the main component that provides the ACSS with intelligent behaviour based on
the use of fuzzy logic to generate rules which are subsequently analysed by a reasoning
engine operating on the student profiles.

3.6. Learning Objects and Assessments Repository

This component is responsible for storing learning objects with their information. This
information includes the title, description, main content (i.e. explanations) and
multiple-answer questions (i.e. formative assessment). In addition, the teacher can
access the repository to add, delete or edit any learning object.

3.7. Student Profile

This component uses a database to store the student’s personal information (e.g. name,
age and email...etc.) and the student’s learning information (e.g. completed learning
tasks and time on tasks....etc.). In addition, this component follows, partially, the
enhancement of IEEE-PAPI specification that was made by Wei and Yan [15]. Thus,
this component has these categories:
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e Personal information: <name, telephone, address, reference, e-mail, post
address>

e Portfolio information: <knowledge level, degree, transcription, qualifications,
certificates, licenses>.

e  Security information: <user name, password>

e Preference information: <language, region, age level, input/output device
preference, content preference, prefer time on each study>.

e Performance information: <learner ID, content ID, recoding-date-time (time
begin, time end), complete percentage, score>.

e Learning objects record <learning object ID >.

e Autonomy level: <level of autonomy>.
3.8. Tutor Model

The tutor model contains rules to be used by the tutor-agent. In addition, the rules in
tutor model are classified into two components; Active rules component and potential
rules component.

The active rules component stores the rules that have high confidence level
(initially more than 0.75 of 1.00). Whereas, the potential rules component stores the
low level confidence rules.

These rules will be readable (thanks to fuzzy logic rule sets). Below is an initial
view of the active rules component.

Table 2. Example of the active rule component

Rule Confidence Level
If the previous domain knowledge is poor AND the learning object 0.78
A mark is good AND the learning object C mark is bad THEN next
learning object is B.

3.9. Adjustable Autonomy

This component offers three choices of autonomy for student and gives the teacher the
ability to add, delete and edit the rules in the tutor model (as explained in section
Error! Reference source not found.2.1). It can give suggestions for rules to aid the
teacher.

4. Experimental work to date

In this section, we summarise the work to date.
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4.1. Learning Design (LD)

Using LAMS, we have structured the evaluation scenario for the learning phase. Firstly,
the student will be forced by the system to do a formative assessment. Then, the student
will be able to choose one of the learning objects. Every learning object is designed to
have an introduction, explanation and multiple questions to assess the student’s
performance in that learning object. By the end of this process, the student will have
been completed an assessment and survey which, in addition to supporting the system
operation, will provide an experimental record and data.

o .= |

| | e | ol

| g | 0. | . |

] 1 B8

4.2. Student profile

Figure 3. Learning design first lesson using LAMS

Using postgreSQL we have designed and built a student profile scheme. As mentioned
earlier in section 3.73.7 the student profile will follow IEEE PAPI. Figure 4 shows the

seven tables with the relations between them, that comprises this profile.
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Figure 4. The initialized student profile
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5. Future work

We are now entering the experimental phases of the research. The first phase will
investigate the students’ learning needs and preferences regarding adaptive course
sequencing in general and adjustable autonomy in particular. Therefore, a questionnaire
will be distributed and analyzed to partially contribute in achieving these research
objectives; 1) understanding the student’s learning needs and preferences, 2) studying
the need for adjustable autonomy in adaptive course sequencing.

The second phase will involve exploring the chosen topic (Software Engineering)
might be implemented as a practical test of ACSS. This wills involve choosing number
of lessons, constructing the related learning objects and constructing the formative and
summative assessments from those lessons.

In the third phase, a web-based adaptive course sequencing will be built. This will
involve mapping the subject space to learning objects, initializing student profile,
developing the observation mechanisms to observe student doing learning, building
tutor model and implementing the soft computing techniques needed for reasoning
student profile to enrich the tutor model. By doing this phase, the question “How do we
encode the learning experiences in fuzzy rules?” will be answered.

The fourth phase, will refine and implement the conceptual architecture model for
the adjustable autonomy as part of a broader intelligent educational environment
(AAIEE). In addition, this phase will involve defining how adjustable autonomy can be
designed and what the steps are needed for this design in educational context. In
completing this phase we aim to answer the question “How best can adjustable
autonomy be enabled in adaptive course sequencing system). Moreover, we will also
answer the question (Does adjustable autonomy intelligent tutoring system brings
significant benefits to student learning?).

The fifth phase is the training phase which involves teaching a number of student’s
lessons (in software engineering) with each lesson having a number of learning objects.
By doing this phase, we will answer the question “how much training is required”.

The sixth phase is the evaluation phase which involves teaching students the same
lessons and assessing their behaviour and progress. This phase consists: 1) Equipping
the system with adjustable autonomy mechanisms; 2) Evaluating the guidance in the
system by giving the students summative assessments after they finished every lesson
(and comparing their marks with students studying similar lessons but in fixed
sequencing method); 3) Using interviews to provide a qualitative assessment of
student satisfaction towards the adjustable autonomy together with a more quantitative
comparison of students’ marks from every level of autonomy. Another area of
evaluation is will be to analyze the usage of ACSS based on the data gathered from the
behaviour of the adjustable autonomy. By doing these phases, we will be able to
answer the question “What are the benefits of adjustable autonomy and adaptive
course sequencing to students”. Moreover, we hope to answer many more research
questions as part of this work.

6. Conclusion
This paper describes early stage research that is setting out to investigate how

adjustable autonomy might be applied to sequencing learning objects to empower
students to personalise better their learning experiences. Our research objects concern
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both the technical possibilities as well as the learning benefits, so we will be evaluating
this work using real students and lessons. The work itself is an early stage and we
believe that the main contributions of this paper are a through literature the rational for
applying adjust able autonomy to education and, most importantly, a conceptual model
(the ACSS) for how this might be implemented. The proposed model implements the
adjustable autonomous agent as part of an intelligent pedagogical tutoring system. The
level of guidance can be adjusted autonomously to cater for the need of the pupil. The
adjustment can be carried out by the teacher, the pupil, or the machine based preference
of educational stakeholder’s policies (E.g. curricula) and the pedagogical needs of the
target pupil. This type of intelligent environment is important as it closely reflects the
actual teaching environment where the teacher alters the level of help or guidance a
pupil receives based on their capabilities and immediate needs. Adding a more
naturalistic view to alter the autonomy provided by such system will, we hope, have a
positive impact on learning systems. We suggest that this adds a more dynamic
adaptability to supporting the role of teachers’ and needs and progressions of learners
using online systems.
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