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ABSTRACT

One of the main obstacles i knowledge-based systems, particularly in the field of
evaluation, 1s to determine when the development of a knowledge base 1s complete with
valid knowledge available to use. Ironically, this question 1s not easy to answer, since 1t
mvolves many aspects in the lifecycle of knowledge-based systems. Some efforts have
been introduced in literature, although none have been widely used or even agreed
upon. In our investigation, we found that it 1s possible to provide a ready to use
knowledge base without a separate testing phase. This thesis examines the way in which
the testing phase could be integrated into the development phase through a statistical
monitoring task during the knowledge acquisition process. This research tailored the
dynamic evaluation framework and utilised the RDR technology as an incremental
knowledge acquisition methodology, with additional statistical analysis to monitor the

development of the knowledge base.

Using this framework, this thesis presents INCAES, an incremental adaptive e-learning
system. The knowledge base was developed mcrementally for suggesting learning
contents to students. The recommendation was provided by analysing the learner model
as a representation of the students in adaptive learning. However, a systematic
understanding of attributes of learners 1s still lacking in the field of adaptive learning,
since those attributes are regularly changed and updated. Thus, we keep track by
mvestigating the potential learner’s attributes that could be adapted to the adaptive

system from a number of recent works.

The evaluation of the theoretical concept has been conducted using two real world case
studies. The first case study was applied on the Web Programming subject, while the
second case study was applied on the Networking Essentials subject. The test cases
generated from learners’ attributes and values were used to evaluate the knowledge base.
Different scenarios were provided for the case study. The first scenario dealt with

stopping the progress of the knowledge acquisition process at an early stage, while the

X1v



second scenario dealt with stopping it at a later stage. Following the knowledge base
construction, two steps of testing were conducted to measure the performance of the
mitial knowledge base and the subsequent test set. The results have shown that the
framework allows for the rapid development of a knowledge base with valid knowledge

mside.
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1 INTRODUCTION

Knowledge-Based Systems (KBS) have been attracting a considerable amount of
mterest for many years. It is one of the most successful areas of ongoing research within
the field of Artificial Intelligence (Al). Many applications of KBS have been studied
covering a wide range of functional areas and problem domains. Among the study of
KBS, evaluation 1s often the forgotten step when developing KBS. Many researchers in
the area of KBS evaluation are focused mainly on verification and validation issues. Most
of the discussions are usually concentrated on completeness and consistency, error
detection and correction, knowledge representation, and maintenance. Ideally, a KBS
should be accurate and contain enough knowledge to be of use in the real world. In fact,
the long process of development and evaluation to construct an optimal and accurate
KBS is always difficult and expensive. This thesis fills a gap in the field of evaluation of
knowledge-based systems by utilising a dynamic evaluation approach. Instead of building
a complete system and testing it, this research suggests monitoring the knowledge base
development process and statistically analysing the performance evaluation of the
knowledge base. The thesis does this in the context of dynamic e-learning, an area of

substantial significance nowadays.

This chapter has been divided into five sections. Section 1.1 presents the
background and motivation of the thesis. The following Section 1.2 describes an
overview of adaptive e-learning systems. Section 1.3 sets out the objectives of the
research and its significance. Section 1.4 describes the structure of the thesis. Finally,

this chapter concludes with a summary in Section 1.5.

1.1 Background and Motivation

Research on the development of the knowledge-based systems has been
extensively investigated for many years. KBS is a class of Al systems in which the

knowledge of experts 1s transferred mto a computer system to support the decision



mechanisms. The scope of a given KBS typically includes problem-solving or decision-
making for routine tasks in a particular domain of knowledge. Hence, KBSs have several
forms, such as expert systems, advisor systems, decision support systems, or diagnostic
systems (Liao 2005; Plant & Gamble 2003). KBSs may also vary with respect to their
techniques or approaches. For example, rule-based systems and case-based reasoning
systems encode expert knowledge as rules and cases. Even though various forms of
KBSs are found, these systems have common characteristics. The construction of a KBS
typically relies on a human expert to be consulted for providing an answer or clarifying
an uncertainty to a specific problem domain. Over the years, KBSs have been
successfully implemented in many fields where most of the applications have been for
business-oriented organisations. The distribution of KBSs among industries indicates
their visibility in many industries e.g. for accounting, banking and financial services,

manufacturing, medical, education, and military (Liao 2005; Wagner 2017).

The design of a knowledge-based system typically includes two main components
(Sapa & Akerkar 2010). As shown in Figure 1.1, these components are knowledge base
(KB) and mnference engine. The knowledge base 1s basically a repository of knowledge.
It contains information on an expert’s knowledge or solution of problems in a particular
domain. This information can be collected without concern on the detail of how and
when that information should be applied. A KBS utilises a control mechanism process
called an iference engine. The inference engine interacts with a knowledge base to
deduce insights when taking conclusions. The inference engine can be developed
afterwards to derive new knowledge from a given fact. This allows a KBS to answer
questions or solve specific problems. The inference engine 1s responsible for
representing the elicited knowledge using several reasoning systems such as logical
programming, rule engines, and deductive classifiers. This process is analogous to the
role of the human brain in that, even though the information (KB) is continually added
and modified, the control process (inference engine) remains unchanged. Therefore, a
knowledge base and an inference engine have been common features of a KBS. They
allow a KBS to replicate human experts by providing an explanation for every decision
made by system. This architecture also can give a KBS the capability to learn new facts
mto their knowledge base. A critical component of a KBS i1s also the user interface that

enables users to query and interact with the system. It also delivers the output of a KBS,



which 1s a conclusion from a given set of facts.

Knowledge Base
Explanation/ & | Self

Reasoning Inference Engine Learning

User Interface

Figure 1.1 Architecture of a KBS (Sapa & Akerkar 2010, p. 3)

According to the knowledge-based system development lifecycle (Adelman &
Riedel 1997; Salle & Medsker 1990), the development of a KBS begins with the
requirement phase, and 1s then followed by the knowledge acquisition (KA) phase.
Knowledge acquisition plays an important role in the lifecycle to represent knowledge
explicitly i the system. The knowledge m a KB has to be very well-defined
representing the problem domain. Knowledge engineers analyse the problem domain
or Issues 1n a specific application, and then they represent facts about it by collecting data
or information from the domain experts or other sources of knowledge. Several
methods have been used to accomplish the knowledge acquisition process such as
mterviews and discussions with the experts, observing the work environment of the
experts, collecting all possible cases and identifying patterns of the process and
knowledge. A KBS represents the knowledge by several methods, including frames,
rules, cognitive maps and ontologies. The next phases of the lifecycle are design and
implementation in which the knowledge 1s added and stored in the knowledge base. The
final phase 1s evaluation, which 1s to figure out whether the developed KBS has been

completed and 1s able to reliably produce the required conclusions.

KBS development lifecycle has a number of challenges throughout. A major
challenge stems from the knowledge acquisition process itself (Beydoun & Hoffmann
1997a; Compton et al. 1992). The mechanism to capture knowledge from experts has
never been an easy task. It 1s a ime-consuming and human-intensive process, and often
becomes a leading cause of bottleneck in KA (Beydoun & Hoffmann 2000a). In the
past, the experts used to interview and conducted protocol analysis from the
psychological field to observe the problem domain. Then, they automated the process

using a computer program for efficacy. Both manual and computer-based techniques



were significantly efficient at one point, depending on the problem domains and

scenarlos.

The next i1ssue 1 KBS i1s related to the development lifecycle itself. The long
period of implementation and the difficulty to critically validate the outputs, have caused
the KBS projects to never get past the prototyping stage (Adelman & Riedel 1997). The
process 1s often repetitive, and every iteration must go through another evaluation stage
called verification and validation (V&V) to guarantee the reliability of the KBS (Beydoun
etal. 2005). Verification aims to address engineering issues related to the required design
specifications. This 1s accomplished by checking the system anomalies and behaviour in
case of unexpected inputs. Validation 1s more focused on results and usage. It ensures
that the output of the KB 1s correct and acceptable for the user. Unfortunately, the
purpose of both verification and validation in KBSs has gone beyond evaluation. Some
authors (Barr 1999; O'Keefe & O'Leary 1993; Vermesan & Coenen 2013) agree that the
evaluation stage must also include refinements to detect and eliminate errors in the
knowledge base. While others (Batarseh & Gonzalez 2015; Knauf, Gonzalez & Abel
2002) concentrate on correcting the knowledge base, which 1s a considerably difficult
task. Although extensive research has been carried out in the field of evaluation

methodology, studies indicate that KBSs still lack a rigorous evaluation methodology.

Our work m this thesis studies the significant methods and focuses on fast
evaluation for delivering a ready to use KBS, by observing its development process. In
particular, we develop the 1dea of dynamic evaluation that was put forward in (Beydoun
& Hoffmann 2013). We introduce and evaluate an operational method that tightly
couples to the development process in Ripple-Down Rules knowledge base (RDR KB).
The method 1s based on monitoring the knowledge acquisition process and analysing
the likelihood of errors that might occur in the future. Furthermore, RDR is a form of
knowledge acquisition technique where the knowledge 1s incrementally built while 1t 1s
already 1 use. The advantages of RDR lie in its simplicity, the fact that it provides an
ease of use mechanism to maintain an evolving knowledge base, and also the fact that
RDR can easily achieve high-level performance with fewer cases to provide (Compton
et al. 1992). RDR 1s currently applied in various applications including pathology,
document classification, information retrieval, monitoring system, internet security, and

football simulation (Cho & Richards 2004; Finlayson & Compton 2004; Kim et al. 2018;



Nguyen, Nguyen & Pham 2014; Richards 2009).

RDR has its own life cycle, which 1s different from conventional approaches. RDR
does not differentiate the mitial development phase and the maintenance phase. The
nature of dynamic evaluation makes it particularly suitable for RDR knowledge bases.
Typically, most of the RDR evaluations are performed by measuring the accuracy or
error level of the knowledge base after the system is completed. The method developed
i this thesis can be done simultaneously with system development while doing
knowledge acquisition. For RDR development, the result will be that one process will
be used where the validated knowledge 1s incrementally acquired and evaluated. The
output of the process will be a validated structure of the knowledge base. As a result of
this process, statistical monitoring could gauge the performance of KBs as they grow
larger. This 1s to determine when the evaluation process completes and delivers a ready

to use knowledge base.

1.2 Introduction to Adaptive E-learning System (AES)

Our research in KBS evaluation is implemented for the actual domain knowledge
in the application of Adaptive E-learning System. According to Collins Dictionary,
adaptive means “having the ability or tendency to adapt to difterent situations”. Oxford
Learner’s Dictionaries states that adaptive 1s “concerned with changing” or “able to
change when ... deal with different situations”. 'This term implies a change in condition
meant to deal with different situations. In the field of technology-enhanced learning,
various names of adaptive e-learning systems can be found, such as, “adaptive learning
environment” and “adaptive learning system”. In one of the earliest studies in this field,
Brusilovsky (2001) used several terms like “adaptive hypermedia”, “adaptive educational
hypermedia system”, and “adaptive and intelligent web-based educational systems”
(Brusilovsky & Peylo 2003). De Bra, Aroyo & Cristea (2004) also suggested the term
“Adaptive Web-Based Educational Hypermedia”. While a variety of definitions have
been suggested, this thesis will use the term adaptive e-learning system as a common

term to describe an adaptive and personalised learning system.

According to Kardan, Aziz & Shahpasand (2015), adaptive e-learning systems

refer to “interactive systems that adjust ... their services to users interests, knowledge,
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and goals”. Another definition for this term suggested by Grubisié, Stankov & Zitko
(2015) 1s to “adapt the selection and presentation of educational content according to
the student’s status, needs, stvle, prior knowledge and preferences”. These definmitions
and some others are emerging and still evolving. However, researchers highlight that
ALES 1s a process of adaptation that will provide the best combination of learners’
properties (learner model) with learning resources (domain model) as the services. The
services and functionality in AESs may be available i various learning formats, forms,
and presentations. The interaction between learner and the learning resources is defined
i an mstructional model. In essence, mstructional model 1s the core of the expertise
from the mstructor. AES uses instructional model to define rules and strategy of
adaptation. Figure 1.2 illustrates the relation of the three components and the process
of adaptation in AES.

Learner Model

cess
0 wodellin® pro I
Learnlﬂ
Adaptive .
E-learning Domain Model

a,
phynon;yDCGSS :I

System

Instructional
Model

Figure 1.2 The Process of Adaptation in Adaptive E-learning System

AES aims to support and enhance the ways students learn in a formal and informal
e-learning system. For many years, e-learning has been designed only for storing
educational materials, delivering it to students, and sometimes assisting interaction
between teachers and students. The factory model e-learning only meets the needs of
average students and no longer meets the needs of each individual. Together with the
traditional educational system, e-learning has followed a one-size-fits-all approach, which
provides 1dentical learning materials to everyone with different background and

knowledge. Thus far, many researchers have been concentrating their efforts to make



an appropriate alteration to the specific learner by investigating the potential of adaptive
e-learning systems (Atif, Benlamn & Berri 2003; Brusilovsky 2001; Canales et al. 2007;
Klasnja-Mili¢evi€ et al. 2011; Papanikolaou et al. 2003; Shute & Towle 2003). This
concept has attracted increased terest since AES has complex dimensions, from
modelling the learner, to a mechanism for searching information for providing relevant

learning resources.

Recent developments in AES have heightened the need for an effective and
engaging online learning experience. In their recent research report, the Gonski Institute
for Education (2018) recommended the Australian society to prepare people for future
education, which 1s adaptive and personalised. In their recommendation, the major shift
i education has transformed education into “personalised learning that will involve new
mteractive and adaptive learning environments” with the increased use of Al and
robotics. The National Academy of Education (2013), which has undertaken research
studies addressing educational 1ssues in the United States, has considered to implement
the adaptive systems for education. In their report, adaptive learning can be used to
mmprove individual learning experiences by considering several individual
characteristics, such as preference, interests, traits, and prior achievements. Additionally,
the National Academy of Engineering (2014), an international group of leading
technological thinkers from people around the world, has placed advance personalised

learning as one of their 14 grand challenges for engineering in the 21st Century.

In this thesis, we presented a new paradigm to an nitial question i the growing
area of adaptive learning, which 1s ‘to what extent the system should be adapted?’ and
‘what characteristics of the learner to make a pleasant learning experience?” We have
reported a review study to complement existing literature studies that acknowledge the
role of adaptive learning system in the growing area of dynamic e-learning (Muhammad
etal. 2016). We also suggested a framework to address the abstract model of adaptation
process n online learning by analysing the student’s situation and background
(Muhammad et al. 2018). Basically, the implementation of adaptive learning heavily
relies on the processing of analytical data and utilising the artificial intelligence for
recommendation. Starting from the framework as an mitial concept, we extended it with
a novel adaptive e-learning system that does not relies on analytical data. Rather, in this

thesis we developed an incremental construction of a rule-based system with the



guidance of an educational expert for deciding the possible learning paths.

1.3 Research Issues

KBSs have been successfully applied to a wide range of problem domains such as
diagnosis, planning and scheduling, control and monitoring, classification, design,
prediction and interpretation (Wagner 2017). The major advantage of KBSs lies behind
their simplicity and efficacy in design and development (Sajja & Akerkar 2010).
However, there are several challenges associated with developing KBSs, from
knowledge acquisition bottlenecks to evaluation stages that never complete or provide
adequate and timely confidence level. Specifically, the main research question addressed
n this thesis 1s how to provide rapid analysis and to deliver a valid knowledge base in a

timely manner?

The thesis investigates this problem in the important domain, adaptive learning.
It presents two actual case studies for further mvestigation in adaptive learning illustrating
and refining the proposed approach. Two adaptive learning systems are designed to
tailor the learning content to the needs of individual learners. Different from other
evaluation methodologies, this thesis operationalises and develops a dynamic evaluation
approach for validating a KBS. The 1dea of monitoring the knowledge base development
process nstead of evaluating at the end of the development process was suggested but
never operationalised (Beydoun & Hoffmann 2013). This thesis 1s aims to unify the
stages of development, maintenance, and evaluation simultaneously, into one stage. This
method facilitates the development of a knowledge base without needing a separate
evaluation phase. During the knowledge acquisition process, the system undergoes an
addition and refinement of rules. Rather than waiting for the knowledge base to be
completed, this method suggests monitoring the changes during the knowledge
acquisition process and concurrently evaluates the expected performance of the
knowledge base. This mechanism is to used determine the condition when rules are
added to a knowledge base produce no significant effects on the performance of the
knowledge base as a whole. When the expected performance has been reached, the
evaluation 1s practically complete at a certain degree of confidence. Therefore, this 1s

expected to cut the time needed to develop a KB since the evaluation does not need to



be done waiting for all the data to be tested. Although this 1dea 1s promising in theory
for improving the evaluation of a knowledge base, this thesis operationalises it and puts
1t in practice in the increasingly important domain of adaptive learning. The thesis fills
the gap between theory and practice. It successfully incorporates the knowledge

evaluation requirement into the development process itself of a knowledge base.

In order to achieve the main goals, the objectives of this thesis are scoped as

follows:

1. To identify mimportant factors that influence the learner model in an e-learning
domain. The relation between the learner model and the domain model will be used

to 1dentify a suitable adaptation model for the case studies.

2. To construct a set of test cases which are extracted from the learner model and
domain model. Pairwise testing is utilised for generating the test cases. The result of

this process 1s the collection of test cases for testing the knowledge base.

3. To mtroduce three phases of a dynamic evaluation framework as a method to
evaluate the knowledge-based system by monitoring its development status.

4. To develop an RDR-KBS for tailoring the learning contents in an adaptive e-learning
environment. The RDR enables the domain expert to mcrementally develop the

adaptation rules n a structured manner by analysing the test cases.

To create suitable AES adaptation models for each case study by examining relations

=2

between the learner and domain models and determining relevant factors.

6. To examine and refine the evaluation process during the development of the

knowledge base and demonstrating the validity of the resultant knowledge bases.

1.4 Research Significance

The main goal and objectives of this thesis have been presented in the previous
section. This thesis proposes several contributions that could be viewed from two
perspectives, 1.e. theoretical and practical. In the theoretical contribution, this thesis
presents an approach to construct a knowledge-based system that supports maintenance

and evaluation in one stage. Prior to this study it would take a considerable time to



deliver a ready to use KBS. This thesis contributes at improving KBS delivery by
evaluating its performance before the KBS 1s finished. The realisation of this method 1s
i the form of three phases of the dynamic evaluation framework. This framework 1s
mitiated from the construction of test cases using pairwise testing and then proceeded
with the evaluation of the test cases. A significant part of the new evaluation approach is
a statistical analysis module. The final phase is the analysis of evaluations, to allow
experts to determine the continuation of the KBS development project. This thesis also
proposes a contribution related to the individual learning characteristics or the
dimensions of the learning adaptation that are presented in the system. In order to renew
mterest in the current literature, our analysis has 1dentified the potential dimensions
which directly affect the decision to tailor individual needs in adaptive learning

environments.

With regards to practical contributions, this thesis proposes a contribution in the
form of an mcremental-based adaptive e-learning system (INCALS). The proposed
system 1s a rule-based adaptive system with rule sets derived using presented domain
cases incrementally. However, this method differs from any existing rule-based systems
that requires the experts to declare and programme an explicit rule definition in their
system. Instead, our system keeps the complexity of the knowledge base structure
hidden from the experts. The authors of the rules are guided to where best to add the
rule to maintain the validity of the knowledge base. All rules will be created i a way to
ensure consistency of the knowledge base with respect to its past performance. Thus,

the set of rules grow incrementally in comphance with the growth of the knowledge base.

1.5 Thesis Structure

This thesis 1s structured into eight chapters. The activities and descriptions of each

chapter are described in the following:

o Chapter 1 — Introduction

The first chapter mtroduces the thesis with an overview of the background and
motivation of the research. Specifically, the problems related to knowledge base

evaluations and adaptive learning domains are presented to introduce the purpose
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of the research. After the context of research is described, the defined goal and
objectives to achieve the goal are discussed throughout the thesis. This 1s followed
by the proposed research contributions of this research. The final section describes

the structure of the thesis, followed by the chapter summary.

Chapter 2 — Literature Review

The second chapter investigates recent studies in related literature. In particular, the
mvestigation starts with the domain model, which 1s the theoretical background
related to adaptive e-learning systems. Moreover, it presents the techniques of
adaptive e-learning systems. Chapter 2 reviews knowledge-based systems relevant
research, with a focus on incremental knowledge acquisition and ripple-down rules.
Lastly, this chapter investigates the difficulties in evaluating knowledge-based systems

generally and presents some relevant works in this area.
Chapter 3 — Research Design

This chapter gives an overview of the design science research methodology used toe
guide this research. This chapter describes i detail four phases of activity to achieve
the goals of this research: (1) problem identification; (2) identifying a generic learner
model; (3) development of incremental knowledge and acquisition of the knowledge

base; and (4) testing, evaluation and refinement of the concept.

Chapter 4 — Identifving the Learner Model of Adaptive E-learning Systems

A learner model 1s synthesized using related literature for adaptive e-learning
systems. This 1s presented in Chapter 4 of this thesis. The chapter identifies and
presents the generic learner model to represent an individual student in an adaptive
e-learning environment. The characteristics of the learner are important to enable
formulation of decisions in adaptive learning. This chapter covers two significant
areas 1.e. modelling and development of adaptive e-learning systems, to further
support the scenarios that are used n this thesis. The design and evaluation of the
incremental-based adaptive e-learning system are elaborated in chapter 5 to chapter

7 as the main chapters of this thesis.
Chapter 5 — Dynamic Evaluation Method for RDR Knowledge-Based Systems

This chapter describes in detail the general concepts and design of the KBS
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proposed throughout this thesis. The chapter begins with an overview of the
validation process in KBSs, followed by presenting the proposed three phases of
dynamic evaluation framework for validating a knowledge base. The final section
presents the design of the architecture to support incremental knowledge acquisition

m a KBS and also demonstration of the implemented system.

Chapter 6 — Case Study 1: Web Programming

This chapter presents the first case study which 1s used to observe the evaluation
process. The purpose of this case study 1s to understand the performance of the
knowledge base with minimum data presented into the system. Therefore, the
expert could take a decision to terminate the project immediately. The chapter
lustrates the approach in adaptive learning for tailoring learning contents in the
Web Programming subject. In the final section, a discussion of the result and

conclusions 1s presented.

Chapter 7 — Case Study 2: Networking Fundamental

The second case study 1s designed to find out how the method works in a different
environment. The scenario in the second case study is to take a late decision with
considerable data supplied into the system. The experiment was validated by using
the different subject of study. This subject has different characteristics for which the
lessons are longer with a variety of learning paths. The Networking Fundamental
subject 1s used to instantiate the adaptive learning scenario. The results of the
evaluation and its analysis are presented. This 1s followed by a discussion of the

comparison results between two case studies.
Chapter 8 — Discussion

The purpose of this chapter 1s to present the results and discuss the findings which
emerge from the two case studies. In general, the findings of the two case studies will
determine whether the developed KBS could be evaluated immediately as the
knowledge grows. This section also includes the performance measurement and

analysis.
Chapter 9 — Conclusion

The last chapter closes the thesis by discussing the summary of this thesis, the main
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results that contribute to the work of this thesis, and the limitations of the research.
Finally, this chapter presents some new topics that require further exploration as

future work.

1.6 Chapter Summary

This chapter broadly mtroduced the background and motivation of this thesis,
discussed the research goal, and outlined the thesis structure. Primarily, this thesis
addresses the methodological support to evaluate a knowledge-based system. This
process was applied to support the modelling of adaptive learning systems and their
potential improvement through the development of an incremental knowledge
acquisition knowledge base. This chapter also elaborated on the research goals to be
achieved and their significance. Finally, this chapter outlined the structure and content
of the thesis. In the next chapter, the general concepts and technologies of adaptive e-
learning systems are introduced. Knowledge-based systems and ripple-down rules will

then be highlighted in general, followed by a discussion of the validation methodology

for KBSs.
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2 LITERATURE REVIEW

This chapter presents a literature review, which 1s subdivided mto five sections.
The first section reviews the literature on the domain model which is the adaptive e-
learning system. The main topics covered in section 2.1 are the requirements and
challenges, benefits of adaptation, and the conceptual model of adaptive e-learning
systems. Following by the section 2.2 which presents the discussion related to the
characteristics and classification of learner model. The section 2.3 highlights the general
approaches for modelling the adaptive learning system. Existing research related to
adaptation and personalisation in e-learning 1s introduced and discussed. Then, section
2.4 presents a foundational framework of incremental knowledge acquisition that will be
implemented in this research. The discussion will be focused on the structure and
classification of Ripple-Down Rules. Section 2.4 of this chapter discusses several
mechanisms to validate the RDR-KB. The last part of this chapter concludes the

literature review.

2.1 Adaptive E-learning Systems

Recent progress in the field of the adaptive systems has led to a renewed interest
i the development of adaptive learning technologies which offer students with a
remarkable learning experience. Adaptive learning has been found in many learning
platforms, from a conventional learning management system, intelligent tutoring system,
online courses, open courseware to a revolutionary learning platform, such as massive
open online courses. All of these platforms can be designed to tailor the needs of
individual students. The broad range of information, from personal details, interests,
preferences to environments, can be collected to provide contextual information for
students. Researchers have used several methods to provide an mitial data as the
contextual information for learners. What we know 1s mostly based upon analytical data-

driven. Most of them mined user’s data and analysed learning history from past activity.
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The common way to compensate for the missing initial data 1s by using a pre-test or post-
test approach to provide a basis dataset for adaptation (Latham, Crockett & McLean
20145 Vesin et al. 2013). Other authors intentionally collected data from previous
learning activity in the system as the starting poimnt. Then, a recommendation could be
suggested based on the similarity of two learning sessions (Wiedmann et al. 2016),

collaborative filtering, or pattern mining (Chen et al. 2014).

Recent studies have shown that dataset gathered from open educational resources
(OER) could also be exploited for mitial data in an adaptive learning activity (Sun, Cu,
Beydoun, Chen, Dong, et al. 2017; Sun, Cui, Beydoun, Chen, Xu, et al. 2017). This
approach 1s designed to assist student in a fragmented time during micro learning
activities through online learning. The mitial data in this approach is pooled from both
online and offline computation (Sun, Cui, Beydoun, Chen, Xu, et al. 2017). The online
computation data are retrieved from the real time system, while the offline computation
data are gathered from any available OER. Although this approach 1s technically
promising, the mmplementation will require the pre-processing activities that is
segmenting and annotating the learning materials (Lin, Sun, Cui, et al. 2019). The
realisation of segmentation and annotation also rely on information about learning
content and demographics. In reality, the dataset that provides information about
historical learning record are often msufficient or even non-publicly available (Lin, Sun,
Shen, et al. 2019). In this thesis, we collected datasets from reputable models and
constructed a learner model for adaptation of e-learning system. Thus, our model does
not rely on analytical data. Instead, the historical data was used to provide a context for
an expert mstructor to incrementally develop a rule-based system. The rules provided
by the expert instructor become the source of knowledge for the adapting the learning

path according to the learning context.

In the next section, we will present our systematic investigation of the various

forms and the historical lessons of adaptive learning.

2.1.1 Classifications of AES

Many studies provide a set of features that guide to 1dentify and understand the

classifications of adaptive e-learning systems (Brusilovski, Kobsa & Nejdl 2007; Pena-



Avyala 2012). These features, which are always involved when discussing the AES, have
turned the elements into a framework for AESs. Although the wide array of features can
be used to classify AESs in many forms, there are two basic questions that should be

considered to express the functionality of adaptation in an AES (Graf & Kinshuk 2008):

1) “What can we adapt to?” This feature expresses the characteristics related to the
learner. For example, preferences, previous knowledge, interest, goals, learning

styles, cognitive traits, context and environment.

2)  “What can be adapted?” This feature expresses the services from e-learning systems,

such as learning content, presentation or media, and link navigations.

From these general questions, several studies have shown a significant increase i
suggesting the research area in AESs. (Manouselis et al. 2014) suggested three research
areas in AESs, 1.e. user and 1item data, methods and techniques, and platforms and tools.
In (Kardan, Aziz & Shahpasand 2015), they also proposed a simple classification for
AES, 1.e. adaptive techniques and applications of adaptive techniques. As shown in
Figure 2.1, the adaptive techniques provide the adaptation capability for e-learning
systems based on various methods. The most widely used techniques were (1) machine
learning and soft computing; (2) semantic ontology; and (3) application software. The
applications of adaptive technologies addressed the implementation to achieve the
adaptation of e-learning. The most applied fields in this classification were (1) learner’s
problem alleviation; (2) presentation; and (3) learning style detection.

Another detailed analysis by (Gomez et al. 2014) had 1dentified four characteristics
of adaptation in terms of learning activities of users. They classified AES as follows:

1. General adaptation: This adaptation 1s found i many forms and typically deals with
mdividual recommendations which are derived from contextual elements or

environments of students.
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Figure 2.1 AES Classification Framework (Kardan, Aziz & Shahpasand 2015, p.
369)

Feedback and support (scaffolding): The main characteristic of this adaptation 1s
assisting the user by providing personal hints and suggesting relevant learning

activities based on the activity of students when interacting with the system.

Navigation to locations. This adaptation provides a learning activity that 1s relevant
to the location and activity in a real-world situation. This adaptation i1s commonly

used during a museum visit or experiment in a laboratory.

Communication and interaction: This adaptation focuses on improving interaction
between students in real life when performing learning activities. The
mmplementation 1s usually based on a location service or selecting appropriate

collaboration tools based on preferences and environment of learners.
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Figure 2.2 A Comprehensive Adaptive E-learning System Classification (Premlatha &

Another in-depth review of literature has been conducted by (Premlatha & Geetha
2015). As shown n Figure 2.2, they provide more detailed classifications of AESs by
considering their level of adaptation, learning object processes, learning context

parameters, and models/components. The classification based on the level of adaptation

Geetha 201

itself consisted of five levels of adaptation:

1)

)

based on personal profile, cognitive level, and learner preferences of the learner.

learning object, by using navigational patterns, features of preferences, instructional

design, and ordering the learning path.

3)

and presentation of learning objects. The adaptation strategy of presentation is often

based on the device and time spent for learning.
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Content level adaptation. This adaptation 1s applied for learning objects and usually

Link level adaptation. The main characternistic of this adaptation 1s sequencing the

Presentation level adaptation. This level of adaptation considers the composition



4)  Learner level adaptation. This common adaptation is implemented by considering
the context of the learner, for instance, preferences, personal background, behaviour

analysis, learning style, and cognitive traits.

&3]
-

Learning path adaptation. This level of adaptation supports the learner by providing
a learning path that should be followed while learning, by considering several

characteristics of the learner.

Our 1nvestigation has also reported that the process of adaptive learning relies
heavily on the parameters of the context. As shown in Figure 2.3, we found that the level
of adaptation in may be divided mto three domains: learning object, learner, and
pedagogical. The main idea of the use of learning objects in e-learning 1s to support
reusability. The common procedure for supporting reusability 1s by developing
educational content into small chunks, so that it can be reused in various learning
environments. Furthermore, most adaptive online learning systems consider the learner
parameters to customise learning content. The adaptation based on pedagogical

preferences is also needed n order to organise learning path in a comprehensive way.
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number of attempts
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other success/failure
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Figure 2.3 Several parameters adaptation in online learning

2.1.2 Potential of Adaptation in Education

Previous research in adaptive learning has been carried out in a wide range of
formats and platforms. Adaptation can be formed in the traditional hypermedia systems

(Karampiperis & Sampson 2005; Papanikolaou et al. 2003), web-based learning
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(Klasnja-Mili¢evi€ et al. 2011), virtual learning (Xu et al. 2014), mobile learning (Chiang
et al. 2016; Gomez et al. 2014), and context-aware ubiquitous learning (Hwang et al.
2010; Yin, Chuang & Hwang 2014). Therefore, many benefits can be obtamned by

mmplementing an adaptive e-learning system.

In their review study, (Chiang et al. 2015, 2016) reported that adaptation in mobile
learning could lead to an improvement of presentations and contents. It also could
stimulate the interests of learners and provide personalised intelligent content for
students. The study of adaptive learning on mobile devices has also been reported by
(Gomez et al. 2014). They support adaptation of learning activities and educational
resources by considering interest, need, preference, device, and physical conditions of
learners. The empirical nvestigations by (Xu et al. 2014) in a virtual learning
environment have suggested that adaptation could enhanced effectiveness of

examination, improve satisfaction and self-efficacy for learners.

In web-based hypermedia platform, (Xu et al. 2014) reported that adaptation by
considering total time spent on each module, number of visited modules, and history of
the selection, has guided students to learn at their pace according to knowledge level and
progress. In a similar platform, it has been demonstrated that learning style and
mstructional design could enrich the adaptation functionality for students (Klasnja-
Mili¢evi€¢ et al. 2011). Previously, adaptive educational hypermedia has facilitated
freshman students in high school or college in learning physics (Papadimitriou,
Grigoriadou & Gyftodimos 2009). Adaptation through interactive problem solving has
been known to improve learning performance and learning activity of the students.
(Tarpimn-Bernard & Habieb-Mammar 2005) documented the increasing use of
hypermedia presentations by modelling the cognitive style that relies on memory,

attention, executive functions, language and visual and spatial abilities.

The mvestigation of AESs to formulate learning path construction have shown the
improvement of learning activities through diversity of learning paths (Hwang et al. 2010;
Kurilovas, Zilinskiene & Dagiene 2014; Yang, Li & Lau 2010). At the same time, it could
also reduce the time spent by students on unnecessary activities while learning. The
simulation of learning path selection by (Karampiperis & Sampson 2005) also provided
evidence that an accurate learning path could be generated easily by considering learning

goals and decision models. Improving adaptation of the content and presentation by
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considering technological situations such as tools, device characteristics and capabilities,
have been reported as one of the benefits of adaptations in context-aware ubiquitous
environments (Abech et al. 2016; Benlamri & Zhang 2014). Adaptation through
situation-awareness in e-learning systems has revealed the flexibility of learning by
providing modularised content in accordance to specific learning scenarios (Pernas et
al. 2012). In the same platform of a context-aware ubiquitous learning environment,
(Y, Chuang & Hwang 2014) proposed a hyper-heuristic approach to enhance the
quality of student’s learning path. They utilised various physical world constraints to plan
individual learning paths. The evaluation of these in elementary schools has resulted in

the improvement of learning activities.

2.2 Characteristics and Classifications of Learner Model

In recent years, there have been extensive studies that investigate reusable models
to facilitate the development of AES. Keeping track with recent studies in this field by
revisiting and updating the findings 1s clearly important, in particular evidence shows that
user models in AES change and evolve over time (Grani¢ & Naki¢ 2010; Nakic, Granic
& Glavinic 2015). The constant changes in the field of AES have become an additional
motivation for this research to explore the potential learner’s attributes that could be
adapted to the adaptive system. This section discusses some models and frameworks
that characterise the components i AES. The main focus of the discussion 1s the
historical and future aspect of the learner’s model to give an idea of the overall

implication of the learner with the adaptive system.

2.2.1 Overview of Learner Model Characteristics

One of the central problems in adaptive e-learning 1s dealing with modelling of the
learners, learning resources, and educational learning strategy (Brusilovski, Kobsa &
Nejdl 2007; Chrysafhiadi & Virvou 2013b; Grubisié, Stankov & Zitko 2015; Pena-Ayala
2012). A learner model contains all definitions and rules for the interpretation of
observations about the learner. A learner model also enables more effective analysis of

user data and enables interpretation of characteristics of the learner profile. A learner
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profile essentially contains a data structure that represents the characteristics of a student
at a particular moment of time. The data in the profile can be given directly by the user
or automatically derived by the system from the behaviour of the user. The process of
representing the student in an adaptive learning process i1s named as learner modelling.
It 1s important to 1dentify those concepts that are critical for learning in any given time
series describing the learning process. This will in turn-in accordance with the purpose
of AES, be the basis to provide the student with a high achievement and pleasant learning
experience. Understandably, learner modelling has been one crucial work stream n
AES. In practice, it relates to representing, storing, and maintaining some learner
characteristics to construct the profile of users to adapt with the learning resources
(Brusilovsky & Millan 2007). Figure 2.4 illustrates the basic concept of the learner model

and learner profile.

Learner
—)
Data + Model

Learner
Profile

Figure 2.4 Basic concepts of Learner Model

Historically, research on learner models had begun since 1970 from the Intelligent
Tutoring System (I'T'S) domain. Learner modelling is derived from one of the major
components i I'T'S, which 1s student modelling. TTS has utilised student models that
contain a set of cognitive, affective, and other psychological states to diagnose student’s
learning (Burns & Capps 2013; Elsom-Cook 1993). Considering its importance in I'T'S,
it appears that the student model 1s also popular in the web-based education area. In
adaptive hypermedia, the student model 1s known as user model. Moreover, user model
has evolved into the main foundation for personalising and adapting the hypermedia
(Brusilovsky 2001). In the same view, adaptive e-learning systems employ the learner
model not only for storing individual profiles of the learner, but also for tracking the
learning style, performance, and other states that evolve during the learning activity

(Canales et al. 2007; Jeremi¢, Jovanovi¢ & Gasevi¢ 2012).
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T'o construct a learner model in an AES, Paneva (2006) defines a question-based

analysis consisting of pursuing answers to the following questions:
e “Who”1s being modelled?
o “What”are the characteristics of the learner?
e  “How”to model and maintain them?

o  “Why”should we elicit information from the learner?

Similarly, this question-based approach 1s also found in (Graf & Kinshuk 2008;
Premlatha & Geetha 2015), which 1dentifies features that should be taken into account
when providing adaptation. Initially, the learner characteristics presented here began
with the mvestigation of several attributes including age, gender, personality, cognitive
abilities, experience, background of learning, knowledge level, motivation, learning style,

goals, interest and preference from e-learning.

It 1s envisaged that age and gender of the learner are usually related to the
experience and background knowledge (Brown et al. 2009). These attributes are usually
also included in personal information along with language, education level, and
occupation (Medina-Medina, Molina-Ortiz & Garcia-Cabrera 2011; Tarpin-Bernard &
Habieb-Mammar 2005). However, personal attributes itself are less popular for
adaptation when compared to the pedagogical states, such as cognitive abilities, learning
style, personality, or background knowledge (Caravantes & Galan 2011; Feldman,
Monteserin & Amandi 2015; Karampiperis et al. 2006). The importance of cognitive
and learning styles 1s shifting from traditional learning to an online learning environment.
Several models of cognitive and learning style in the literature have helped to improve
the learning performance of the student (Caravantes & Galin 2011; Eberle,
Schwarzinger & Stary 2011; Karampiperis et al. 2006). Research also confirms that
personality and behaviour have an impact in processing patterns of information during
learning. Thus, some researchers (Germanakos et al. 2008; Graf & Liu 2010; Kim, Lee
& Ryu 2013) exploit theories from the psychological domain to model the learner. User
mterest and preference are also related to the style of displaying the information on the

screen, which are relevant for the adaptation process.

The overview on learner model characteristics thus far shows that the research in

adaptive learning acknowledges a number of user characteristics that are involved n
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learning activities. The next section will discuss the classification of these attributes from

the perspective of some important relevant work from the literature.

2.2.2 Classification of Learner Model

Brusilovsky & Millan (2007) conducted a survey on user models in existing
adaptive web-based education system. They identify the most popular attributes of user
model in adaptive hypermedia as wuser knowledge, mterests, goals, background,
mdividual traits, and context. User (prior) knowledge has been identified as one of the
most important learner features among those. Some adaptive educational systems only
model user knowledge. The second most popular attribute in adaptive hypermedia 1s
user interest. Goals represent the current learning objective and often change during the
learning process, while background represents the experience outside the domain
knowledge. These features, together with individual traits, are relatively stable and
consistent during learning. The context of the work 1s usually used in ubiquitous

learning, which includes physical, affective, and environmental dimensions.

In the review of (Grani¢ & Naki¢ 2010), they proposed the initial user model by
considering the human factor for the adaptive system. They suggested three broad

categories of learner models:

1. Personal user characteristics. The attributes included in this category are
general information (name, age, gender) and also individual traits (cognitive,

personality, learning style).

2. Previously acquired knowledge and skills. This classification comprises prior
experience, prior knowledge, and previously acquired psycho-motor skills of

user characteristics.

3. System-related data user characteristics. Included in this category are the
characteristics that are changeable and related to the particular systems, such

as goals and requirements, preferences, interaction styles, and motivation.

A more comprehensive classification based on 20 taxonomies of the user model
1s reported by Medina-Medina, Molina-Ortiz & Garcia-Cabrera (2011). They proposed
an individual user model that characterises the adaptation of information in the system

to specific features and needs. In their study, they categorised user models into five

24



classifications:

=2

Personal data. The features included in this category are name, surname,

gender, address, age, and education/profession.

Knowledge. Included 1n this group are the visit numbers and knowledge of the

subject.

Experience. This feature could be divided into two types, 1.e. experience
related to the subject and experience related to system navigation.
Preferences. 'This category consists of items and preferences for structuring
the system.

Interests. This last category consists of knowledge subdomains, knowledge

goals, and interesting concepts

Using a rigorous method of systematic literature review, Vandewaetere, Desmet &

Clarebout (2011) searched for attributes that were used for learner models 1n the

adaptive learning environment. They suggested three classifications of theoretical and

empirical research for learner model, which consisted of:

1.

2.

3.

Cognition. This category consists of the cognition-related characteristics such
as working memory capacity, learning goals, prior knowledge, mtelligence,
cognitive style, and learning style.

Aftect. This second category includes affective characteristics, such as
frustration, confusion and delight, certainty and frustration, mood and self-
efficacy.

Behaviour. Included 1n the last category are cognitive and affective states; the

need for learner control and feedback; grades and the results of exercises.

In a literature study, Chrysafiadi & Virvou (2013b) reviewed various student

modelling approaches published from 2002 up to 2012. They discussed the

employment of the methods and classified the student models mto ‘4knowledge and

skills, errors and misconceptions, learning styles and preferences, affective and cognitive

factors, meta-cognitive factors.’

Considering all of the classifications reported here, future investigation 1s still

warranted to examine the im-depth analysis of existing learner model in AES. Within the



known models, not a single model can be adopted and directly implemented without
knowing the background and environment. Each model has a different context and
scope. Therefore, the keeping track with recent studies by revisiting and updating the
findings 1s clearly important in this field. The evidence from recent studies shows that
learner models in AES change and evolve over time. The constant changes of AES have
become a motivation for this research to promote the potential learner’s attributes that
independent and could be adapted for a generic adaptive system. In the next section,
the techniques to 1mplement the AES 1s described, followed by a discussion of the

proposed concept.

2.3 Techniques of Adaptive E-learning System

There are many variants of techniques that had been used to provide the best
adaptation of learning resources to learners, from personal characteristics and
preferences to knowledge levels and context. It has been noted that each approach has
its strengths and weaknesses. Several publications have discussed the advantages and
weaknesses of the various adaptation techniques in the literature (Drachsler, Hummel
& Koper 2008; Kardan, Aziz & Shahpasand 2015). Before discussing methods and
techniques, we mtroduce the conceptual model behind the adaptive e-learning systems.
And then, the rest of this section discusses the adaptation method, including the

challenges and hmitations for each approach.

2.3.1 Conceptual Model and Design

Several models of AESs exist in literature. Most of the models adopt the model
and design from adaptive educational hypermedia and intelligent tutoring systems (De
Bra, Aroyo & Cristea 2004; Karampiperis & Sampson 2005; Sottilare et al. 2013).
According to this model, an AES 1s composed of three basic elements: domain model,
adaptation model, and user model. The relationship between the components in an
AES 1s shown in Figure 2.5. The information in these elements is stored in the storage
layer and linked directly with the runtime layer. The runtime layer performs the actual

adaptation and delivers the results to the user.
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Figure 2.5 General elements and relation of AES (Karampiperis & Sampson
2005, p. 130)

A typical domain model consists of a domain concept and learning goals that
describe the structure of a Subject in the real world. In adaptive learning, a domain
model could be represented as a concept hierarchy or an activity tree that usually relies
on a learning activity (IMS 2003). IMS describes learning activity as “an instructional
event or events embedded m a content resource”. In traditional learning, a learning
activity 1s similar to a pedagogical unit, such as instruction, knowledge, assessment, etc.
Fach learning activity may have sub-activities or events nested mn a deep level of another
learning activity. It can also have a tracking status associated with each learner to provide
individual learning experience. Figure 2.6 illustrates an activity tree or a domain model
i an AES. Each node in this tree 1s a unit of activity. We can set the flow to navigate
through the tree. For example, a learning activity should be started from lesson AA, then
AAA, AAB, and lastly AAC. The 1dea of adaptive learning is to recommend a flow for
each learner with their own choice according to their needs. Thus, the sequencing that

will be delivered to each user 1s different from the other.
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Start here

AAA AAB AAC

Figure 2.6 A Simple Domain Model (IMS 2003, p. 11)

The adaptation model (also known as adaptation model or pedagogical model) in
AES serves as a bridge between the domain model and the user model. It has the
responsibility of managing learning strategies, steps, and actions on what should a system
deliver next (Sottilare et al. 2014). The adaptation model is often based on prerequisite
relationships between concepts or learning activities. For instance, as illustrated in Figure
2.6, the concept AAA 1s a prerequisite for AAB. This means the students should
understand AAA before they study AAB. The choice of strategy varies, by following the
mterest of the learner, taking an assessment, or requesting assistance. Regardless of the
choice, an AES should be ready to serve the next activity for the user based on the
mstructional strategy. The strategies for adaptation model are usually grounded by the
researchers’ pedagogical theorles, such as learning style, activity theory, cognitive style,
learning traits, or affective state (Caro et al. 2014; Hernandez, Sucar & Arroyo-Figueroa

2018; Ozyurt & Ozyurt 2015; Pefia-Ayala, Sossa & Méndez 2014).

The last component of AESs 1s the user model (also known as learner model),
which always becomes a central issue for AES research. Although there are many
successful stories of AES implementation to learners, the fact 1s that every study has used
a different user model to represent imndividuals. As there 1s no default standard to
represent a user model, there are several investigations that seem to shape the
characteristics of user modelling in AESs. Understanding the complexity of user
modelling 1s important if we want to renew the body of knowledge on user modelling in
adaptive e-learning systems. The topics of variables and properties of user modelling will
be explored separately in Chapter 4. In the remainder of this section, we present three

methods that are commonly used for adaptive learning.
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2.3.2 Rule-based Adaptive Models

The rule-based technique 1s still becoming an effective way of handling knowledge
in design and implementation of adaptive e-learning systems. Rule-based technique 1s
derived from simple conditional structures of IF/THEN/ELSE statements (Garcia et al.
2009). It can also provide feedback for each learning activity taken by user. Generally,
the implementation of rule-based technique in e-learning domain i1s by employing the
adaptation rules to select and sequence the learning resources. The rule-based model
also could be combined with the decision tree, with a tree as pre-prescribed content
material. A set of rules is used in a rule-based model to determine the conditions that
change the learning path for learners. Although the rules seem relatively simple, their
mmplementation in real environments 1s a difficult and tedious task. The problems of
mconsistency and msufficiency arise as the number of rules increase (Karampiperis &
Sampson 2005). For many years, numerous studies have attempted to solve this problem
by utilising various methods. Regardless of the problems, the rule-based model 1s still a

popular option for adaptive e-learning.

In (Graf et al. 2009), the authors mvestigated how the students interact with a
learning management system and then, using a rule-based approach, suggested learning
activities based on students’ learning styles. Similarly, Popescu (2009) analysed the
student behaviour through learning style, media type, grade, time spent on a test, and
mteraction style. They then proposed a rule-based approach to recommend the learning
object in an Al subject. Benlamn & Zhang (2014) combined an ontology space and a
rule-based reasoning as an adaptation mechanism of learning sequence and learning
content, based on learner’s activity, environment, and background. (Garcia et al. 2009)
proposed a rule-based method for mining data in e-learning and web-based adaptive
educational systems. They used the form of IF-THEN rules to discover insightful
mformation related to student’s behaviour and then recommended the results to

improve teaching contents.

2.3.3 Principle-based Adaptive Models

Principle-based technique refers to the practical approach, which is derived from

different kinds of algorithms, such as machine learning, heuristics, evolutionary
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algorithms, recommender techniques, or data mining. There are numerous researches
m this classification that have extensively been utilised i adaptive e-learning systems.
For instance, (Su et al. 2011) proposed a Personalized Learning Content Adaptation
Mechanism that implemented data mining techniques (clustering and decision trees) to
deliver personalised learning content to learners. Previous studies have also shown a
significant increase in utilising an evolutionary algorithm for optimising the sequence of
learning paths by employing genetic algorithm, particle swarm optimisation, and

memetic algorithm (Acampora, Gaeta & Loia 2011; Chen 2008; de-Marcos et al. 2011).

The review of studies in data mining has been reported mn (Romero & Ventura
2010). The most popular adaptation based on these techniques was intended for
providing feedback, predicting performance, content recommendation, and analysing
the learning behaviour. Several data mining approaches for clustering, classification, and
association analysis have been widely used for mining student’s data. For example, fuzzy
clustering statistic correlation, grey relational analysis, K-means clustering, and fuzzy-
association-rule have been applied to support adaptation in several e-learning platforms
(Garcia et al. 2009; Jun-Ming et al. 2006; Salehi, Nakhai Kamalabadi & Ghaznavi
Ghoushchi 2014).

2.3.4 Hybrid Adaptive Models

The hybrid technique combines some algorithms or approaches to deliver better
result in recommendations. For example, Salehi, Nakhai Kamalabadi & Ghaznavi
Ghoushchi (2014) use the combination of sequential pattern mining and collaborative
filtering to provide recommendation of learning material. Similarly, (Chen et al. 2014)
utilise a hybrid recommender system using collaborative filtering for content discovery,
and then apply sequential pattern mining to filter items according to common learning
sequences. In (Klasnja-Miliéevi¢ et al. 2011), the authors propose Protus that
automatically adapt to the interests and knowledge levels of learners. This system
processes the clustering-based on learning styles and analyse the learners’ habits through
AprioriAll algorithm. The combination of collaborative filtering and vector space model
also improve the recommendation quality in e-learning, as has been demonstrated in

(Wang & Huang 2011).
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Based on these reviews, the techniques proposed i adaptive learning has varied
and evolved over time. The classic rule-based approaches have been widely
acknowledged and accepted as the general approach for adaptive learning. However, the
execution will rely on a complete taxonomy of information related to the student and
the educational domain. On the contrary, the principle-based approaches were
proposed mostly to handle the lacking of the information about the domain. The 1deas
for the adaptation was expanded from rule-based matching to classification and
optimisation models. The limitation of this approach 1s that the models often built for
general purpose. The applicaion will need many customisations in practice.
Furthermore, the hybrid method is intended to provide a solution by combining several
methods and knowledge altogether. This approach commonly used for solving a
significant problem with many variables to be considered. Thus, the implementation will
often need more considerable resources. The AES in this thesis will be developed
utilising a rule-based system. The rules were stored mn the form of a knowledge base. In
the next section, the principal finding of the current investigation of a knowledge-based

system was presented.

2.4 Knowledge-Based System (KBS)

Studies of knowledge base systems are well documented. It also well
acknowledged that the term “knowledge-based system” suggests that it deals with a
system that 1s based on the use of knowledge. In particular, a KBS can be defined as a
computer system that uses knowledge about some domain in order to deliver a solution
concerning a problem (Ammar-Khodja, Perry & Bernard 2008). This definition
confirms that the solution from the system should be the same as the solution from a
domain expert. The discussion in the following sections presents the historical
background and evolution of KBSs, followed by the structure, development hfecycle,

and knowledge acquisition process.

2.4.1 History

The early generation of KBS was an expert system. In an expert system, the

domain knowledge 1s encoded explicitly into a knowledge base (KB) and it uses
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automated inference to support the expert. These two components, knowledge base and
mference engine, are basic composition of the expert system (Figure 2.5). The
knowledge base 1s usually composed of a set of facts and rules that express domain-
specific knowledge, while the inference engine has a role in controlling the order of the
rule activation. The characteristic of an expert system 1s that it applies a specific domain
of knowledge to solve a specific problem of data in order to produce problem-specific

conclusions.

For many years, expert systems have proven useful in many real-world applications
and can be found in a wide variety of domains, like medicine, chemistry, agriculture,
and science. Some well-known and documented expert systems in literature are: (1)
MYCIN, which could identify infectious bacteria in blood and urine samples, (2)
CADUCEUS, a system that focus on diagnosis of diseases, (3) PUFF, an mterpretation
of respiratory tests for diagnosis of pulmonary disorders, (4) QMR, that could assist
physician diagnoses of over 4000 disease manifestations, (5) DENDRAL for identifying
molecular structure of new compounds, (6) CRYSALIS to capture electron density
maps in protein crystallography, (7) MOLGEN, the tool for manipulating DNA, (8)
PROSPECTOR that guided geologists in the exploration of ore deposits, and lastly, (9)
R1, the expert system to configure VAX (Buchanan & Shorthiffe 1984; Feigenbaum,
Buchanan & Lederberg 1970; Gevarter 1984; Lundsgaarde 1987; McDermott 1982).

The second generation of KBSs was mspired by the concept of heuristic
classification that uses abstraction to perform inference (Mitchell 1997). This idea was a
push to a more sophisticated reasoning mechanism that might separate knowledge at the
symbol level and knowledge level. The symbol level in an expert system 1s used for
encoding a KB and inference engine, while the knowledge level 1s used to express the
abstraction. This philosophy inspired numerous frameworks to develop the problem-
solving methods for reasoning process in a KBS. This problem-solving method has been

used in many modern expert systems.

2.4.2 Structure

As previously stated, the solution from the KBS should be the same as the solution

from the domain expert. To achieve this purpose, a KBS 1s designed to capture and
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then apply a specific knowledge from a domain expert. Thus, the process of building a
KBS usually involve both. a knowledge engineer and a domain expert (Russell & Norvig
2016). A knowledge engineer typically investigates the important concept from the
domain expert and then determines the formal representation of the objects and relation
in the domain. This transfer of knowledge and transformation of problem-solving from
domain expert 1s acknowledged as Knowledge Acquisition. Figure 2.7 illustrates the

general structure of a KBS and relationship between knowledge engineer and domain

expert.
Knowedge-Based Expert System
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Figure 2.7 Interaction between knowledge engineer and domain expert with

KBS (Buchanan & Shortliffe 1984, p. 7)

In KBSs, all the cumulated facts and important concepts that already known 1s
stored n a repository as a knowledge base. The knowledge base 1s not a database that
stored all information i a structured manner. It contains concepts, rules, and
experiences of the way experts have solved problems in previous actions. The
mformation in a KB is mmportant for understanding, formulating, and solving the
problems. A key role in a KB 1s the mechanism m representing the knowledge as the
knowledge from expert should be represented formally. Knowledge representation
emphasises n structuring and manipulating information from the knowledge acquisition

process.

After all knowledge has been orderly stored in the knowledge base, a reasoning
mechanism using a logical technique 1s used to operate the knowledge base. A KBS
performs reasoning using an inference engine. The inference engine plays an important
role to regain and determine how to use the knowledge and present it to the end user.

In contrast to a knowledge base that plays a passive role by storing the knowledge, an
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inference engine plays an active role in a KBS by interpreting and structuring the rules.
This component is the brain of the KBS, which handles the communication between
the knowledge base and end user interface. In fact, it can be said that these two features:
knowledge base and inference engine, are the components that distinguish KBSs from
other systems. The expert should carefully select the methods for representing
knowledge in a KB. The things that should be considered are, the methods to handle
the enormous amount of encoded knowledge, and the reasoning mechanism on the
supplied knowledge. Central to the most reasoning systems 1s the use of logic. The most
applicable and widely used logic for reasoning in KBSs 1s propositional logic and first-

order logic (Russell & Norvig 2016).

Among a variety of ways to represent a knowledge base, a rule-based system was
the most popular in the early generation. Rule-based-systems use rules as their basic
mferencing mechanism. The basic structure of a rule-based system 1s a set of IFF-THEN
statements. The mapping statement 1s known to be true (as condition) to a conclusion
(result). This mapping is performed using logic, like in proportional logic. For example,
I¥ “temperature 1s ho” THEN “turn on the AC’. Many studies in the early
development of KBSs utilised a rule-based system for pathology and medical

classification (Buchanan & Shortliffe 1984; Lundsgaarde 1987).

The logic approaches for inference engine mechanism consist of forward chaining
and backward chaining. As its name implies, forward chaining works from the case to
the conclusion. When a case 1s presented to the system, the knowledge base searches
for a rule that satisfies the condition. This process is repeated until user gets the expected
result. On the other hand, backward chaining works from the conclusion to the case.
The desired result 1s used as a starting point, and then the knowledge base searches for
the rules contain the required statements in their results. The process 1s repeated until
the condition 1s met. The inference terminates when all rules are verified against the
case. The forward chaining method was designed to work if all the facts are available,
while the backward chaiing method was designed for a domain where no facts might
be available. It works backwards by asking a question and gradually refining the result.
Both approaches might also work together as a hybrid forward and backward chaining

system.
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2.4.3 KBS Development Lifecycle

As for conventional software development, a KBS also has a specific lifecycle
model. The lifecycle 1s a framework that provides a guideline to be followed for
knowledge-based system development. It has a structure and a detailed plan describing
the tasks or steps at each phase. The lifecycle serves as a methodology for improving the
quality and overall KBS development process. The early KBS lifecycle was Generic
Tasks as mmtroduced by (Chandrasekaran 1986). Generic tasks use building blocks for
KBS development. The building block 1s basically a hierarchical classification that
provides information about (1) a task specification and form of knowledge for mput and
output; (2) a task related to domain knowledge and specific organisation; and (3) a
control regime for the task. The hierarchical classification was demonstrated for MDX
project to define a disease hierarchy for identifying a patient’s case. Each of the concepts

i the classification hierarchy contains ‘how-to” knowledge for the diagnostic task.

A different approach to construct a knowledge-based system was “the knowledge-
based system development life cvcle (KBSDLC)’, as presented by (Weitzel &
Kerschberg 1989). KBSDLC uses a sequential progression, which consists of five
phases, 1.e. 1dentification, conceptualisation, formalisation, implementation, validation,
conversion and operation. The model was straight and simple, but helpful to simplify
the development process. KBSDLC has been implemented in the Medclaim project for
rapid prototyping. The prototype was validated through a parallel test of expert reviews.
As the prototype of the KBS was ready, problem understanding, system design and

development were evolved together.

In 1990, (Agarwal & Tanniru 1990) proposed the expert systems development life
cycle (ESDLC) which was derived from the traditional system development lifecycle
(SDLC). The ESDLC consists of four phases: (1) problem identification; (2) system
development; (3) transfer to production; and (4) operation. The only phase that
differentiates between ESDLC and SDLC is phase 2, where in ESDLC it includes

conceptualisation, formalisation, implementation, and testing of the SDLC.

The comprehensive lifecycle model for KBSs was knowledge acquisition and
design support (KADS) (Wielinga, Schreiber & Breuker 1992). KADS uses a modelling
activity where every layer to develop a knowledge-based system 1s described in a model.

KADS has a four-layer framework, namely, domain knowledge, inference knowledge,



task knowledge, and strategic knowledge. The domain knowledge 1s the first layer that
conceptualises the domain theory of a particular application. It i1s denoted by concepts,
properties, two types of relations and structures. Inference knowledge contains the
source of knowledge that operates on a meta-class. Task knowledge contains knowledge
which combines the inference to achieve a particular goal. The elements included n
task knowledge are task, control terms, and task structure. Strategic knowledge

determines the important goals for solving a certain problem.

An 1mproved version of KADS i1s known as CommonKADS (Schreiber et al.
1994). The KBS in CommonKADS 1is built by modelling the organisation and
application context. CommonKADS provides four models to construct a KBS:
organisation, tasks, agent, and communication model. The organisation model analyses
the problems and opportunities for KBS development. The tasks model describes the
task which will be performed n the organisation. It is represented as a hierarchy. An
agent acts as an actor that executes a task. It can be a human, software, or other entity
that can execute a task. The communication model is responsible for modelling the
communication between agents. The divergence between CommonKADS and KADS
1s that the CommonKADS model provides more details on the conceptual structure of
knowledge and abstraction through knowledge roles and ontologies. Many projects, both
commercial and academic, have supported the CommonKADS model as a reliable

knowledge engineering methodology for constructing a KBS.

2.4.4 Knowledge Acquisition (KA)

Knowledge acquisition 1s the process of extracting, structuring, and populating a
knowledge base. The process is usually performed by a human expert or automated
process based on available data. Building a KBS will require knowledge that 1s captured
from human experts and translated into a format that suitable for the KBS. Traditionally,
knowledge 1s obtained from a domain expert by a knowledge engineer. The first task of
a knowledge engineer 1s to extract knowledge from a domain expert. This could be
carried out using various methods, such as interviews, questionnaires, collecting cases,
observation and protocol analysis. However, this task 1s never easy as it raises a number

of problems, like inaccuracy and incomplete knowledge.
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If the knowledge engineers can find the problems early, they have to arrange a
follow up interview. However, the cost is expensive 1if they discover the problem later as
they have to rebuild the system. This 1ssue has received considerable critical attention.
An effort to improve the acquiring of expert knowledge was introduced by using
knowledge elicitation approach. During the process, all knowledge and problem-solving
strategies are identified. The process starts from a wide scope in the early stage and

becomes narrower focused on the specific knowledge.

After the information has been collected from the expert; it needs to be 1dentified
mto usable knowledge. As the information n the early stage 1s quite general, analysis 1s
needed to uncover the knowledge. The commonly used framework in structuring the
knowledge 1s Knowledge Analysis and Design Support (KADS) (Schreiber et al. 2000).
Knowledge acquisition advanced further with the use of more automated techniques. A
well-known system for aiding the construction of such a tool 1s Protege. This tool allows
the knowledge engineer to tailor generic tasks to the domain to be modelled. It 1s
however, quite conceivable that incremental acquisiion can make a significant
contribution to knowledge acquisition. Ripple-Down Rules 1s a form of incremental KA
approach, which is discussed in the next Section. The implementation of this method 1s

discussed in Chapter 5.

9.5 Ripple-Down Rules (RDR)

This section presents a review on Ripple-Down Rules as a knowledge-based
technique to acquire knowledge from an expert. The first section describes the
background and philosophy of RDR. Then, several variations of RDR approaches are
described n the next section. Despite the variations, the main ideas embodied in each
mmplementation are: KBSs that are grounded n cases, an exception structure and a
simple knowledge acquisition technique performed by the expert and which encourages

mcremental development, maintenance, and validation of the knowledge base.

2.5.1 Background and Philosophy

Ripple-Down Rules (RDR) is a knowledge acquisition (KA) technique proposed
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by Compton et al. (Compton et al. 1991; Compton et al. 1992), which grew out of long
term experience of maintaining a medical expert system. The two major issues in early
RDR research concerned with (1) acquiring knowledge based on the context, and (2)
maintaining a large amount of knowledge m an expert system (Compton et al. 1992;
Richards & Compton 1997). The first problem was raised because the most successful
applications of expert systems need to interpret data correctly according to their context.
For example, the experts tend to justify easily a particular recommendation for a patient,
but sometimes they give a different treatment for another patient. This happens as the
result of the captured knowledge which 1s associated with a different context. Knowledge
1s something that 1s clearly stated and remain true over time. RDR uses knowledge in
the context which it 1s acquired to ensure that only valid rules defined by experts can be

entered into a knowledge base.

With its underlying philosophy, RDR distinguishes it from other expert system
techniques. In the case of RDR, the rules are made to be corrected. Having given an
overview of RDR, it 1s worthwhile to consider why it was chosen as the knowledge
acquisition and representation method on which to base further development. Four

major reasons for using RDR include (Richards 2009):

1) RDR has addressed several problems that have always been associated with KBSs,

which are the knowledge acquisition, maintenance and validation problems.

2) RDR offers a direct involvement system that gives the user control and ownership of

the system.

3) RDR provides knowledge in context, which was identified as important in allowing

knowledge reuse.

4) RDR provides the availability of the existing software and accessibility to those most

familiar and knowledgeable of RDR.

2.5.2 Approaches and Variations

Several variations of RDR are found in the literature. The following subsections
mtroduce basic Single Classification, Multiple Classification, and a summary of the key

variants of RDR.
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1. Single Classification RDR (SCRDR)

At the beginning of the RDR development, it was originally meant to handle single
classification tasks (Compton et al. 1991; Compton et al. 1992). The form of a Single
Classification RDR 1s basically a binary tree with a root node named default node. The
default node 1s a node that 1s always true and gives a default answer to every single query.
Each node m RDR 1s associated with a rule, which has a condition, conclusion, and
cornerstone case. Each node in the tree also has two types of edges, namely, except and
1l-not. By using algebraic foundations (Scheffer 1996), a SCRDR can be formally notated
as the set of <rule, T, F, cc> where 1'1s TRUE branch, F'i1s FALSE branch, and ccis
the associated cornerstone case. More clearly, an SCRDR 1s depicted graphically as in

Figure 2.8.

Default Rule __

-
TRUE — Conclusion  Comerstone >,
\ Case 4

i S 7
Rule X

Rule T
" . except " .
Condition 1 — Conclusion 1 P Condition 3 — Conclusion 3

if not

Rule F

Condition 2 — Conclusion 2

Figure 2.8 An Example of SCRDR

As shown above, rule X consists of condition 1 and conclusion 1. During the
acquisition process, a new case with condition 2 1s presented to rule X. If it 1s concluded
that condition 2 does not match condition 1, then a new rule F 1s added 1n the false
branch as a child for rule X. Otherwise, when a case 3 1s presented and the expert
concludes that conditton 3 matches with rule X, but conclusion 1 is mvahd or
misclassified, then a new rule T is created. Rule T is a true branch and located at the
exceptional structure to provide rule pathways. Furthermore, every case that caused the
misclassification 1s needed to be stored in association with the new rule. This case is
referred to as the cornerstone case. In fact, the cornerstone case has become the most

mmportant feature for knowledge maintenance in a knowledge-based system (Compton
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& Jansen 1990). As RDR uses a failure-driven approach to acquire knowledge, the

existence of a cornerstone case 1s required to maintain changes in the knowledge base

(Richards 2009).

The knowledge acquisition process below illustrates the operation of an SCRDR

system more comprehensively:

1) An empty SCRDR knowledge base starts with one rule that classifies all cases as a

default classification.
2) Then, the case 1s evaluated against the top rule.

3) For each node, when it satisfies the rule, then evaluate the true path (except) and

1ignore the false path (if not).

4) On the contrary, when it does not satisfy the rule, then follow the false path and

ignore the true path.

O
-

Lastly, the true node taken through the pathway gives the conclusion for the

presenting case.

Figure 2.9 depicts an example of a Single Classification RDR knowledge base that

classifies objects into two classes: flyand not fly.

Rule 0

Null - Notfly

Rule 1

Birds - Fly

Rule 3

Young birds = Not fly

Rule 2 Rule 4 Rule 5
except-
Airplanes < Fly Penguins = Not fly Penguins i |n planes =

Figure 2.9 An Example of SCRDR Knowledge Base

sxcep

In the above picture, each rule can be seen as a pathway that leads from itself back
to the root (Rule 0). The sample SCRDR knowledge base shown in Figure 2.9 above

can be formed i the following manner:

e At first, the only node 1n the knowledge base tree was the root node or rule 0. This
root rule has a default value that is always true and a null with default conclusion. All

cases presented to the tree mitially satisty rule 0.
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e (ase 1 1s presented to the SCRDR knowledge base and the expert disagrees with the
conclusion from rule 0. The expert creates a new rule, namely rule 1, as an exception
of rule 0. They also have to differentiate the feature between rule 1 and rule 0. Case

1 then becomes the cornerstone case for rule 1 since it causes rule 1 to be created.

o C(Case 2 1s presented to the SCRDR knowledge base and evaluated against the tree.
The last true path for the case is rule 1. However, case 2 evaluates to false against
rule 1. The new rule 1s created as the false path from rule 1. Case 1 becomes the

cornerstone case for rule 1.

e C(Case 3 1s presented to the SCRDR knowledge base and evaluated against the tree.
The last true path for the case is rule 1, but the expert 1s dissatishied with the
conclusion. So, the expert creates a new rule 3 and case 3 becomes the cornerstone

case for rule 3.

e (ase 4 1s presented to the SCRDR knowledge base and evaluated against the tree.
The last true path for the case 1s rule 3. However, the presented case evaluates to
false against the condition of rule 3. The new rule is created as the false path from

rule 4. Case 4 became the cornerstone case for rule 4.

e C(Case 5 1s presented to the SCRDR knowledge base and evaluated against the tree.
The last true path for the case 1s rule 4. However, the expert is dissatisfied with the
conclusion and offers a new conclusion, created as a rule 5. Case 5 becomes the

cornerstone case for rule 5.

To summarise the above example, the RDR ensure to validate a KB by
maintaining every piece of mformation during knowledge acquisition process. The
presented case 1s stored alongside the rules and associated as the cornerstone case. If
the expert adds a new rule, then the system offers some conditions for the new rule.
This mechanism ensures that the cornerstone case of the parent does not fire on the
new rule and gives the current case the correct conclusion. The depth and breadth of
the SCRDR knowledge base depends on the degree of overlapping classification and

the order of the presenting cases (Cao & Compton 2005; Scheffer 1996).
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2. Multiple Classification RDR (MCRDR)

In 1995, Kang et al. introduced an extended version RDR called Multiple
Classification RDR to address compound classifications problems in SCDRD (Kang,
Compton & Preston 1995; Kang, Gambetta & Compton 1996). MCRDR supports the
philosophy and strategies that made RDR valuable, like alteration of the underlying
binary tree structure and inferencing process. However, it expands the capability with
multiple classifications. Thus, it deals with the task that requires multiple independent
classifications. Every rule in MCRDR only has exception nodes. If the presented case 1s
satished with a rule, then it will be evaluated against all child nodes. The process 1s
repeated until all the child nodes are satisfied by the case or no more nodes are left to

be evaluated. Then the conclusions are given from the last satisfied rule in each path.

Figure 2.10 illustrates an example of MCRDR KB with each node consisting of a
set of conditions, classification, and references to all child nodes. For example, a case
with condition x = (1, 4, 6) will fire with the multiple classifications Class 1, Class4, and
Class 6. Class 4 will be reached from node 3, while Class 6 will be reached from node

b.

default rule

IF True
THEN a

IFx=1
THEN Class 1

IFx=3
THEN Class 3

IFx=5
THEN Class 5

IFx=7
THEN Class 7

IFx=2
THEN Class 2

IFX=4
THEN Class 4

IFX=6
THEN Class 6

IFX=8
THEN Class 8

Figure 2.10 Example of Multiple Classification RDR KB

The knowledge acquisition process in MCRDR 1s similar to SCRDR, but with
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consideration of the case that requires more than one classification. Below 1s illustrated

the KA of MCRDR system:

1) The system provides MCRDR knowledge base with a list of classifications.
2) Then, the case 1s evaluated against the top rule.

3) For each node,

a. When it misses the classification, then expert creates a new rule to add the

missing classification.

b. When it does not satisty the rule, then expert creates an exceptional rule to

fix the incorrect classification.
4) 1If the case is given a true conclusion, then return to step 1 with a new case.

Through the above process, it is possible for the expert to incrementally build and
improve the knowledge base. This process 1s simple and natural by gradually examining
the case to ensure that system has classified them correctly. However, there are three
requirements that should be considered when creating a new rule in MCRDR. First, the
expert must ensure to state the classification to the system. This 1s a trivial process, but
if they do not desire to make a classification, it may cause unwanted situations during
the validation phase (Kang, Compton & Preston 1995). In the worst case, the size of the
KB will inflate and be redundant if the expert expresses the same thing in different
classifications. So, the experts must ensure that after created a node, they should use it

for the future child.

The second requirement is location of the rule. This 1s crucial, for mstance the
new rule could be added to the root node if the missing classification 1s found. Moreover,
if the case 1s classified wrongly, the new rule will be added as an exception to the nodes
that prove the wrong classification. Finally, the acquiring of a rule condition 1s also
mmportant. When the expert states the condition that they believe will imply the
particular classification, they usually do not provide a specific rule. This might cause
conflicts with past seen cases. Thus, additional validation will be required and might

require further refinement of the rule.
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3. Nested RDR (NRDR)

Introduced by (Beydoun & Hoffmann 1997b), Nested RDR presents RDR a new
way to model domain knowledge at the knowledge level. NRDR 1s built based on
SCRDR but consists of any number of SCRDR trees. The representation of a concept
defined by the experts has also distinguished NRDR from SCRDR. Thus, the concept
can be defined from the KA process and in turn can be used as an attribute in rules for
another RDR tree. This mechanism will result in a hierarchy of RDR trees. The main
advantage of NRDR 1s the ease of using knowledge reusability. NRDR addresses the
1issue of knowledge repetiion in RDR by providing the nested concepts that can be re-
used in many places of the KB. Different from other KBs, concepts in NRDR can be
present during KA process. (Beydoun & Hoffmann 2000a) noted that NRDR has higher
modularity than MCRDR by enforcing a hierarchy of RDR trees which 1solates
mteractions between different parts of the KB. They also reported that NRDR has a
more compact KB, as the number of inference paths 1s lower than SCRDR or MCRDR,

bllt Ccan COVEr more cascs.

4. Other Vanations

Besides NRDR, some variations of RDR exist. Most of them are an extension of
MCRDR rather than RDR. For instance, Rated/Weighted Multiple Classification RDR
by (Dazeley & Kang 2003a; Dazeley & Kang 2003b); MCRDR with formal concept
analysis as introduced by (Kim & Compton 2004; Richards & Compton 1997; Richards
1998); and also Bayesian Threshold with MCRDR proposed by (Cho & Richards 2004).

However, we do not cover these in detail here.

2.5.83 Strengths

A significant strength of RDR 1s that knowledge acquisition and maintenance are
easily achieved. The simultaneous mcremental KA with RDR as the underlying
knowledge representation could ease the KB development process. The KB grows
mcrementally based on the cases seen by it. A new rule 1s only added when the KB gives
a wrong conclusion. RDR also organises the structure very well without messing up the

knowledge in the KB. When dealing with a new case that 1s never seen before, the expert
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only needs to 1dentify the features that differentiate the new case with the rest of the cases
that are already stored in the KB. In terms of building the KB, RDR does not allow the
expert to add any rules as they would give a different conclusion. Even though the
knowledge seems incomplete, the hierarchical incremental KA process that captures the
cases one at a time makes the KA task more effective. This mechanism would keep the
system valid as it always consistent with the existing knowledge (Beydoun & Hoffmann

2001; Compton et al. 1991).

The other advantage of the RDR 1s that this form of knowledge acquisition results
i compact and efficient knowledge bases. It might be expected that mcremental
addition of knowledge where knowledge was only added (as a refinement) but never
changed, may result in very large knowledge bases with much of the knowledge being
repeated knowledge. However, simulation studies show that the size of the knowledge
bases are comparable to those produced by machine learning (Kang, Compton &
Preston 1995), and that there 1s a significant increase in size only when a random choice
1s used by the expert. In studies on a human developed MCRDR knowledge base
(73000) rules, only 109 compression could be achieved (Suryanto & Compton 2000)

2.5.4 Limitations

Despite great success in a wide range of application areas, the current RDR-based
systems have been criticised for their limitations in supplying an explicit model of the
domain knowledge (Beydoun & Hoffmann 1997b; Compton et al. 1991; Kang,
Compton & Preston 1995). This means that the RDR methodology does not support
higher-level models, especially abstraction hierarchies. RDR assumes a simple attribute
value representation of the world and supports only rules rather than mheritance or

other deductive reasoning from an ontology.

To address this lack, some work has already been done on evolving hierarchies i
parallel with RDR (ROCH; Martinez-Bejar, Benjamins et al. 1998), discovering
abstraction hierarchies from MCRDR using formal concept analysis (Richards &
Compton 1997), and modelling domain knowledge with simultaneous knowledge
acquisition using NRDR (Beydoun & Hoffmann 1998). Another mitation of RDR 1s
the repetiton within the knowledge base (Richards & Malik 2002). However, the



repetition problem is not a serious impediment of RDR as addressed in (Suryanto &

Compton 2000).

Over the past two decades, there have been numerous studies of RDR. However,
most studies have only focused on the implementation of the new problem domain with
a similar step when dealing with acquired knowledge. The new cases will be presented
to an expert who decides the conclusion. The features of visualizing, debugging and
evaluation were Introduced with some issues under consideration {Richards, 2009
#1350}. In this study, a statistical module was developed to compute the knowledge
acquisition process and visualize the efficiency of the process. We used various functions
to measure the readiness of the knowledge base. This technique allows an expert to

determine the continuation of the KBS development project.

2.5.5 Applications

The Ripple-Down Rule has been a variety of application, in both research and
commercial field. These include chemical pathology interpretation (Preston, Edwards
& Compton 1994), 1on chromatography method in analytical chemistry (Ramadan et al.
1998), web document classification (Kim & Compton 2004), email management
assistant (Ho, Wobcke & Compton 2003), object recognition in RoboCup (Shiraz1 &
Sammut 2008), CAD design assistant (Hamade et al. 2010) question and answering
system (Nguyen, Nguyen & Pham 2014), and schema mapping (Anam et al. 2015).
Richards (2009) reviewed the perfect history of RDR research over the past two decades

and 1its applications. This section highlights some types of RDR applications.

The majority of RDR applications have been developed to address various
classification problems. The experience with GARVAN-EI as a medical expert system
has led to the first RDR system known as Pathology Expert Interpretative Reporting
System (PIERS), which was incrementally built using RDR (Compton et al. 1992;
Preston, Edwards & Compton 1994). In the four years, over 2000 rules were added to
the knowledge base during routine use, allowing the knowledge base to automatically
mterpret chemical pathology results and generate reports. Following the success of
PIERS, Labwizard, which was developed by Pacific Knowledge System, uses a variant

of MCRDR to provide interpretation for medical chemical pathology reports. In their
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study, (Compton et al. 2006) reported that their system could process up to 14,000
patient reports per day through 23 RDR knowledge bases with about 16,000 rules built

over 29 months.

Another application of RDR 1s the development of an e-mail management
assistant that handles the process of e-mail management (Ho, Wobcke & Compton
2003). By utilising RDR, the system could achieve very high levels of accuracy when
dealing with the classification of messages. The accuracy level in classifying messages 1s
reported between 95%-99% over the experimental period. (Kim & Compton 2004)
introduced an RDR-based document management and retrieval system. The document
1s annotated by users and then browsed using the concept lattice of formal concept
analysis. They reported that the combiation of RDR to represent knowledge in
document management and concept lattice 1s a powerful tool for supporting the open
management of documents. Prayote & Compton (2006) have demonstrated an RDR-
based approach to network traffic intrusion systems. They use RDR to randomly
segment the problem space in network intrusion into sub-spaces of homogeneous traffic.
The finding reports that the system successfully detected traffic anomalies, with low false

positive and false negative rate.

All of these systems have used RDR for the classification task. Another popular
application 1s for the searching task. Search based problems are characterised by the
requirements of the knowledge-based system to solve complex combinatorial problems.
Here the RDR knowledge base 1s employed to guide the search within a constraint
satisfaction framework. Significant analyses and discussions on the searching task were
presented by Beydoun & Hoffmann (2000a). In their previous study, Beydoun &
Hoftmann (1997b) proposed Nested-RDR and employed it to build a chess-playing
system. Chess players incrementally define and refine a hierarchy of concepts for the
chess domain, and the suggestion of a chess move 1s defined on these concepts. With a
similar approach, Bekmann & Hoffmann (2005) used Nested-RDR to guide a genetic
algorithm-based search to discover VLSI chip layouts. Genetic algorithms rely on a
fitness function to evaluate the quality of the variations produced by mutation at each
generation. Nested-RDR was used to construct a knowledge base to heuristically define

the fitness function.

In (Richards & Compton 1999), MCRDR is used to address the NP-hard problem
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of room allocation in a system called SISYPHUS-I. In their system, MCRDR suggests a
possible allocation of a person to a room. If the user does not agree with the
recommendation, rules are added using features defined on the person and the room.
By implementing this approach, RDR does not need substantial modelling before a
solution can be found. In contrast, RDR uses the data provided in the documentation
to build a knowledge base with minimal a priori analysis. Then, the formal concept
analysis 1s used to automatically generate an abstraction hierarchy. This approach was

proven sufficient to map people to rooms and handle allocating and tracking resources.

Several researchers have also applied RDR to solve complex control problems.
Here the conclusion or output of the RDR knowledge base directs an action. Shirazi &
Sammut (2008) used RDRs to learn control of the actions in flying a plane. Here RDRs
were employed to acquire tacit knowledge that experts subconsciously employ m flying
a plane. Bekmann & Hoffmann (2005) also used Nested-RDR to guide the mutations
within a Genetic algorithm-based search for VLSI chip layout. With only 30 hours of
training, their HeurEAKA system produced chip layouts comparable to those produced

by domain experts using industry standard algorithms, developed over years.

Finlayson & Compton (2004) applied the RDR framework to the development of
multi-agent teams in a complex real-ime environment of Robocup 2-D soccer
simulation. Here the concepts of RDR were used to acquire the knowledge to guide
mdividual agents within a cooperative setting. Although these approaches have acquired
control knowledge to guide specific tasks in 1solation, the vision system often requires
multiple components to operate in concert with each other and may potentially interfere
with each other. Learning of control knowledge in vision domains also requires learning

at multiple levels.

This thesis presents a new mechanism to broaden the applications of RDR. To
date, there has been limited investigation of the use of RDR for the educational context.
Considering there 1s an increasing need for e-learning solutions to include intelligent
methods for supporting learning activities. This thesis provides evidence that the RDR
could be supported to facilitate the adaptation and personalisation of e-learning system.
The use of RDR as the core engine for adaptation has allowed experts to store their

knowledge for a learning domain.
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2.6 KBS Evaluation Methodologies

Evaluation i software development 1s often introduced as validation and
verification (V&V) activities. Although validation and verification are often linked
together, the meaning of both terms are totally different. The term validation is
commonly referred to as “the process of building the right system” for users. According
to IEEE (IEEE 2005), validation 1s “the process of evaluating a system or component
during or at the end of the development process to determine whether it satisfies
specitied requirements”. The definition implies that validation 1s required to ensure that
the system has met the criteria set by the users. This process is different from verification,
which evaluates the product according to the design and specification requirements. It
could be possible that a system has passed the verification test but has failed the
validation test. Many systems might be rejected by users if the validation result 1s not
satisfactory. Therefore, the validation activity 1s intended to demonstrate that the system

can reach the correct conclusion with respect to the user’s needs and requirements

(Vermesan & Coenen 2013).

A number of studies have proposed evaluation methods for KBSs. However, it 1s
challenging to decide the best method to use. Some methods are suitable to use with a
certain system and not applicable to others. This 1s understandable, as a KBS has several
components: knowledge base, inference engine, user interface, etc. Thus, we can
evaluate a KBS based on its components: the knowledge base or the inference engine.
More details on the difficulties and variation of methods of KBS evaluation are discussed

in the next section.

2.6.1 Philosophy of KBS Evaluation Process

The existing literature on KB evaluation (Batarseh & Gonzalez 2015; Hartung &
Hikansson 2007; Knauf, Tsuruta & Gonzalez 2007; Tsai, Vishnuvajjala & Zhang 1999;
Vermesan & Coenen 2013) provides various guidelines that mainly focus on measuring
the accuracy of the KB after its development. This 1s typically construed as a standalone
stage, called verification and validation. While verification focuses on checking if the
knowledge base satisfies the formal specification of the represented knowledge,

validation is more concerned with the ability of the knowledge base to reach correct
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conclusions. These activities are performed sequentially by knowledge engineers to
verify that the system has met the user’s expectations. Once the knowledge base 1s
verified, the next process will validate it to ensure that the knowledge base will give the
correct answer. The validation 1s done through experiment to ensure that both system’s
specifications and knowledge base are complete. This model is known as goal checking
techniques, and often performed after the system development. The purpose of the
evaluation is to collect maximum data concerning to the aim of the study. Often, an
evaluation cannot be finished as planned due to complex experimental design or

msufficient data.

Unlike the generic knowledge-based systems, the construction of an RDR
knowledge base typically begins with knowledge acquisition (Compton & Jansen 1990).
The development of a knowledge base starts when the data and information are
collected from experts or other sources. This 1s a sophisticated task i practice such that
the rehability of the knowledge base cannot be guaranteed after the acquisition process.
Even after the construction of the knowledge base has been successfully completed, the
RDR does not provide any formal testing methodology for the resultant knowledge base
(Beydoun & Hoffmann 2000b);(Beydoun & Hoffmann 2013). Instead, the evaluation
stage typically mvolves some testing of the dataset over the system. The knowledge base
1s continued to be built incrementally until 1t gives an accuracy rate as close to 1009 as

possible.

The most common method for evaluating RDR-based KBs 1s by providing a set
of test cases with the corresponding known results. Each test case consists of a pair of
mput queries and expected outputs. In particular, the experts measure performance of
the knowledge base against the test cases. The methods for measuring KB performance
have varied somewhat across this research area. The first approach concerned with
measuring the accuracy of the rule in a KB that represents expert knowledge. This is the
most common procedure for determining the performance of a RDR KB, as has been
found in many reports (Compton et al. 2006; Galganm, Compton & Hoffmann 2015;
Kim et al. 2018; Nguyen et al. 2016). Originally, this process of measuring KB accuracy
only involves evaluating the ability of the KB to reach conclusions. However, the
drawback of this method is the difficulty to obtain the number of test cases that are

actually needed for evaluation.



The second approach is a part of dynamic analysis, in which it requires the analysis
to measure the coverage of the KB’s rules. This method checks the rules against the test
cases and measures the effectiveness of the test cases by analysing the depth of the
coverage. The main goal of this approach 1is to rapidly develop the KB by monitoring
the test case execution and calculating the percentage of the KB’s coverage against the
rest of the test cases. Surprisingly no studies have investigated the coverage analysis-based
approach to measure the RDR KB performance. This is a core area of contribution of
this thesis. The following sections discuss the dynamic evaluation approach and propose

the three steps of dynamic evaluation framework used here mn detail.

2.6.2 Difficulties in Evaluating the KBS

There are obvious challenges in evaluating knowledge-based systems, where
several factors can lead to difficulties when performing evaluations (T'sai, Vishnuvagala
& Zhang 1999). The first thing that causes the difficulty 1s the knowledge representation
formalism. A KBS has many formal representations of knowledge. The knowledge may
be represented as rules, logic, cases, object-oriented models, semantic networks, or
generic tasks. A single formalism such as rule-based KB may not cause validation
problems. However, the problem may arise when a KB uses multiple formalisms to
represent knowledge. For example, (da Silva, Matelh & Bazzo 2014) use several
formalisms of rules, object-oriented modelling and semantic networks to represent

knowledge.

The second challenge 1s caused by the characteristics of KBSs that are always
evolving in the implementation (T'sai, Vishnuvapala & Zhang 1999). This concern may
increase the size of the knowledge base as well as the number of rules. A classic example
of this 1ssue 1s MYCIN experience, where the KB grew in size and the number of rules
increased to 10,000 in 1988 (Barker & O'Connor 1989). The evaluation in this situation
could be challenging due inconsistencies, incompleteness, and redundancies. Although
the size and number of rules are not always the issues for a KBS, this condition may give
rise to evaluation problems with regards to configuration and maintenance (Kang,

Gambetta & Compton 1996).

The next 1ssue while evaluating a KBS 1s caused by the cost of generating,



executing, and evaluation of the test cases (Knauf, T'suruta & Gonzalez 2007). Test cases
are required for input testing. They should contain the specification of mputs and
expected outputs. A large number of test case are needed to test the KBS. However, it
raises a challenge as the input and output space for the test cases can be huge if all criteria
i problem specification are considered. On the other hand, selecting the criteria for test
case generation could be problematic. Questions that could be raised are related to
consistency and completeness. Selecting inappropriate parameters can lead to ending
up with test cases that do not reflect the real domain or real problems in the field. If
there 1s no restriction when selecting parameters, the generation of test cases can be
difficult and possibly very expensive. Besides the cost of test case generation, the costs
of testing also include the cost of evaluation and loss (or fault). Cost of loss increases if

the testing fails to identify the fault, and vice versa.

Another concern in evaluating a KBS 1s selecting the criteria for measuring the
performance of KBS (Vermesan & Coenen 2013). There are several criteria for
measuring the quality of a KBS, which are, accuracy, error level, reusability,
maintainability, and reliability. Of these, accuracy has been mostly used for evaluating
the knowledge-based systems. However, determining the standard criteria for evaluating

knowledge bases has been a major area of interest within the field of KBS evaluation.

2.6.3 Evaluation Methodologies

Many publications on evaluation of KBSs have been introduced in literature. Fach
work on evaluation interprets its roles, stages, tasks, and purposes. Deciding on the KBS
evaluation method 1s determined by the problem being addressed and the goal of the
evaluation itself (Tsai, Vishnuvagala & Zhang 1999). Some conditions, like the
availability of experts, type of case study, available time and budget, should also be
considered before selecting an evaluation method. Several studies have presented
guidelines for evaluating knowledge-based systems, which imvolve understanding of the
objects being evaluated (Adelman & Riedel 1997; Rhee & Rao 2008). As illustrated in
Figure 2.11, there are three classifications of KBS evaluation: (1) technical aspects; (2)
empirical aspects; and (3) subjective aspects. These approaches will be described n the

following subsections.
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Figure 2.11 Framework for evaluating knowledge-based system (Rhee & Rao

2008, p. 316)

2.6.3.1 Technical Evaluation

The 1dea behind technical evaluations is to examine the practical aspect of a
knowledge based-system. The technical aspects that should be examined are algorithms,
data flow, and system logic. The examination generally uses various tools, such as tables,
matrices, algorithms, and models. The common evaluation in this category 1s direct
validation of knowledge base, such as analysis of the logic and rule validation (O'Keefe

& O'Leary 1993).

Rule validation 1s carried out by examining the knowledge base directly to mspect
the accuracy and validity of the rules. The errors that might be found n rule validation
(El-Korany et al. 2000) are (1) wrong Boolean logic in the condition part, (2) incorrect
conclusion part, and (3) inconsistent rules with requirements. When the size of a KB 1s
too large for rule validation, experts can perform individual selection of the rules. For
mstance, evaluation can be made based on the most fired rule in the KB, and vice versa.
This approach can be used if the newly added rules have least impact on the KB. If the
rules have a certainty factor, then validation can be made based on their weight. Another
way to inspect individual rules is by examining the most costly or largest profit rules. The
rule validation can affect the performance of the knowledge base, if the allocation of
correct representation rules 1s ignored. An example of this 1s presented in (Santos Jr &
Dinh 2008), where they represent the knowledge base using the Bayesian model. The
criteria for validation are uncertainty and incompleteness. They present a probabilistic

model extended from the Bayesian network to represent knowledge mn an uncertain



domain.

The use of metrics was proposed in many academic literatures. In (Ramsey &
Basili 1989), the evaluation was conducted to explore the abnormal pattern of the KBS.
The metrics used for evaluation were computer runs, time, software changes, and
programmer hours. The knowledge base for the comparison purpose was built bottom-
up and up-bottom. The experts evaluated and suggested the bottom-up approach with
deducting rules for the intended purpose. Different metrics were used in (Menzies
1998). They introduced the use of critical success metric (CSM) for evaluating the KBS
without requiring a panel of human experts. The behavioural success criteria from the
business case was utilised to measure the success criteria of the system. The CSM was
mtended for domain-specific KBSs since it analysed the behaviour of the system i the

business context. It was also intended for evaluation in the early design of the lifecycle.

In (Nick, Althoft & Tautz 1999), they suggested a practical evaluation using Goal-
Question-Metric (GQM), which is based on industrial technology for goal-oriented
software measurement. GQM ensures the consistency and completeness of
measurements with the structure discussion. In GQM, the evaluation is facilitated by
various measurements for each phase of the system development. For instance,
acceptance measurement of usage 1s used during prototyping; formal feedback from
user 1s used for regular usage; and cost-benefit evaluation 1s used if the usage of the final

implementation is wide-spread.

Another approach is using a meta-model (O'Keefe & O'Leary 1993). Meta-model
expresses the relationships between the elements of a model that 1s a model of a model.
This validation 1s useful for a large KB. The availability of constructs and concepts (meta-
models) can then be used to determine conceptual validity. The casual model can be
used to generate a set of rule bases, and then the experts can check for completeness of
the knowledge base. This validation can be used for understanding large rule-bases, but
in its implementation it may miss the rule validation if the focus 1s on casual

representation.

2.6.3.2 FEmpirical Evaluation

Empirical evaluation focuses on the entire performance of the knowledge-based



system, with quality of output as the stand point. Thus, this evaluation would require a
comparison between outputs of the system with the expectation from experts. Several
parties that are involved in the design and implementation stages, should be involved
during the assessment. The purpose 1s to verify the effectiveness, problem solving
quality, and hence improve the system. The effectiveness is usually assessed using
experimental methods, interviews, case studies, and time series. Among the available
methodologies, empirical evaluation is the most popular as it considers both subjective

and objective criteria for evaluation.

In (Knauf, Tsuruta & Gonzalez 2007), a framework called validation of knowledge
base (VKB) was presented to evaluate and improve the validation result while reducing
the time spent of the experts. As shown in Figure 2.12, after the evaluation process, the
cases with the best rated solutions are stored. This process can reduce duplicate cases
that have already been solved by the VKB. Then, the panel of experts only needs to
solve the new case that 1s not in the part of VKB. This process 1s collected in a software
agent called VESA. Because the VESA already has knowledge from previous experts,
this method can be used mn the validation process when the experts are not available.
There 1s also the hope that VESA can reduce the availability of human involvement in

the validation process.

In (Batarseh & Gonzalez 2013), an incremental knowledge validation framework
for KBS based on selective test cases was proposed . As presented i Figure 2.13, the
method 1s named as MAVERICK (Method for semi-Automated Validation Embedded
mto the Reusable and Incremental Common KADS). The method uses a semi-
automated and mcremental method that 1s embedded into CommonKADS.
MAVERICK operates based on test case creation and ispection validation. It uses the
results from previous validations and iterates to select the next set of test cases. This
validation procedure works incrementally. The experiment shows that this method was

successful in discovering 94% of the errors (Batarseh & Gonzalez 2013).
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Figure 2.12 Validation knowledge base framework (Knauf, Tsuruta & Gonzalez
2007, p. 122)

In (Onoyama & Tsuruta 2000), the evaluation was conducted by comparing the
results of the system with a Turing test. Although a Turing test 1s suitable for evaluating
a knowledge-based system, it 1s very time consuming for the experts. Hence, they share
the validation process among the experts, knowledge engineers, and the system to
reduce the time needed by the experts during assessment. This method 1s known as a
Bi-directional many-sided explanation typed multi-step validation method (Figure 2.14).
The method 1s a multi-step validation process to eliminate the centralised knowledge in
the system. This 1s so that the experts can concentrate on the areas that cannot be
covered by the system and justify the reason. This 1s the aim of utilising a bi-directional,

multi-step and many-sided validation method.
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Figure 2.14 Bi-directional many-sided explanation typed multi-step validation method
(Onoyama & Tsuruta 2000, p. 464)

Another approach introduced by (Barr 1999) uses a coverage measure to evaluate
the testing process. As illustrated i Figure 2.15, the coverage analysis reaches the
performance evaluation by comparing expected results with the coverage information
and actual results. The crucial component is the coverage information as it includes a
comparison of coverage analysis and expected results. The coverage analysis 1s
performed to estimate the degree of incompleteness from the test case and also the
potential error from the KBS. Without measuring the completeness and potential error,

the system could run well on the test data but contain unmeasured errors in the real test.



Thus, the coverage analysis will give a degree of confidence about the performance of

the KBS.
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Figure 2.15 KBS Evaluation with Coverage Analysis (Barr 1999, p. 28)

In their study, (Beydoun & Hoffmann 2013) proposed statistical analysis to
evaluate the performance of the KB. This process 1s mstantiated for an incremental
knowledge acquisition methodology RDR. This approach operates by monitoring the
test cases and rule additions in the KB. As a matter of fact, every rule has different impact
on the KB status. In case of RDR KB, the initial rules will have a higher impact than the
later ones. Rather than evaluating all the rules against the test cases, this method works
by monitoring the newly added rules and estimates the performance. The parameters of
the performance include coverage and predictivity. In the end, this validation method
aims to estimate the decision when the running test cases can be terminated. The
research presented i this thesis makes a theoretical contribution by implementing this
approach for evaluating an adaptive e-learning system KB. Thus, the method will be

discussed in greater detail in Section 5.

2.6.3.3 Subjective Evaluation

Subjective evaluation measures the effectiveness and usefulness of knowledge-
based systems for the user, organisation, and environment. The assessment includes the
examination of the system to address the problem, how systematic its problem-solving

techniques are, and whether it could resolve the requirements of the end-users. The



criteria for the evaluation is subjective with the purpose of understanding the usability
and interfaces of the implemented system. Thus, this evaluation is usually domain-
dependent with the specific purpose of evaluating the acceptance of the end product to

the end user.

In (Hussain, Wardman & Shamey 2005), a KBS to diagnose the faulty dyed
samples was developed. In order to evaluate this system, several evaluation copies of the
KBS were distributed to the targeted users. The purpose of this measurement was to
measure the end user opinion for the value and utility of the system. The selected users
were to critically evaluate the system in terms of its interactivity, task simplification, user-
friendliness, speed, ease of understanding, expert helpfulness, and ease of use. The
evaluation criteria was presented in a scale number from 1-10. The average scores from
the participants represented the likelihood that this system would be accepted by the

community.

In a recent study, (Abdullah, Ligeza & Zatar 2017) proposed a performance
analysis of a knowledge-based expert system based on the measurement of time spent
for processing a medical claim. The system was intended for handling the medical billing
process and used a rule-based method for constructing the knowledge base. The system
helped to auto-correct the faulty claims. During the evaluation, a statistical analysis was

used to examine the improvement of the system based on time spent to handle a case.

2.7 Chapter Summary

This chapter reviewed the existing related works that are presented n this thesis.
First, the body of research on adaptive e-learning system was presented. This covered
the requirement and challenges, the conceptual models, and the general approaches for
modelling the adaptive learning system. Historical background on knowledge-based
systems was introduced. Existing works and applications were reviewed and then the
structure of the KBS was discussed. This description was followed by the analysis of
Ripple-Down Rules that focused on the philosophy underpinning the RDR, existing
approaches and variations, strengths and limitations, and also the recent applications of
Ripple-Down Rules. The Iterature review showed that, while some works have

suggested mechanisms to apply RDR on various models, none have implemented the



method to solve problem of adaptive learning. This thesis 1s set out to mnvestigate this
gap.

Despite this promising opportunity to advance our knowledge of examining RDR
for adaptive learning, there are still unanswered questions about evaluating the
knowledge-based system. The literature review revealed that evaluation was often a
difficult part of the KBS. In particular, this thesis examines dynamic evaluation for
tackling KBS validation. In the next chapter, the thesis will present the design of research
that leads to propose a mechanism to evaluate the KBS. The domain will be represented
as an adaptive e-learning system and two case studies will be used to evaluate the mitial

model and its ability to solve adaptation problems.
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3 RESEARCH DESIGN

The previous chapter has presented a literature review used n this thesis. In
particular, it discussed the methods and best practices for developing a knowledge-based
system. Although the mterest in this field 1s still widely-investigated, only a lmited
number of studies focus on evaluating the KBS while developing it. The focus of this
research, therefore, 1s to present an evaluation of the KBS to the next level by monitoring
its development during acquisition process. This chapter aims to elaborate on the
process that underpins the research by discussing the research methodology. The
remainder of the chapter 1s organised as follows. Section 3.1 reviews the rationale of the
design science research methodology. It will then go on to describe the four phases
adhered to n this research: problem identification 1s presented in Section 3.2; the design
of a learner model for adaptive e-learning systems 1s introduced in Section 3.3; initiating
the conceptual framework 1s discussed in Section 3.4; and evaluation of the concept will

be presented in Section 3.5. The final Section 3.6, will summarise this chapter.

3.1 Overview of Design Science Research Methodology (DSRM)

As mentioned in the first chapter, this research proposes a new method that
enables rapid evaluation of the developing KBS. This research uses a Design Science
approach to understand the way applied systems solve the problem. By definition,
design science 1s “the design and investigation of artefacts i context” (Wieringa 2014).
An artefact in Design Science Research (DSR) can be represented in various forms (see
Table 3.1), such as construct, model, frameworks, architecture, design principle,
methods, instantiation, and design theory (Hevner et al. 2004; Vaishnavi & Kuechler
2004; Wieringa 2014). In DSR, these developed artefacts are designed to interact with
the domain problem to solve the problems or improve the context. The process of
design science, as highlighted by Vaishnavi & Kuechler (2004), encompasses the

construction of new knowledge through an original design of artefacts (things or
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products). Furthermore, the designed artefact (s) needs to be analysed for both, the
usage and the performance, to understand and enhance the role of the artefact in the

context of the information system.

Table 3.1 Artefacts of Design Science Research (Vaishnavi & Kuechler 2004)

Artefact Description

Constructs The symbols or vocabulary to communicate a research domain

Models The abstractions that express the relationships between constructs

Methods Sets of steps (e.g. algorithms, process) that provide a guide to performing the
tasks

Frameworks The conceptual guides which serve as a guidance

Architectures High level structures that underlying the designed systems

Instantiations The proof of concepts of an artefact in its environment

Design Principles The main concepts and principles that guide the design of the artefact

Design Theory Sets of statements that facilitate understanding of the guidance to achieve a
certain objective

Design science 1s elected as the methodological research approach in this research
because of two factors. Firstly, design science is a research method which focuses on
practical problem solving with continuous improvement. This step needs solution-
oriented knowledge, where the expected output is the reasoning of science that can be
used to solve a complex and relevant problem. Since design science 1s field-problem
driven and 1s solution-oriented, it 1s better suited for the implementation of this approach
in the domain of AES. Secondly, many types of research are based on descriptive
knowledge (explanatory science) in the domain of AES. The model of this research 1s
to use theory to develop knowledge by understanding a phenomenon or specifically,

explaining and predicting knowledge.

Though design science roots are in engineering and computer science, they can
also be found in many other disciplines and fields. In the information system domain,
the research showed the thriving diversity of the approaches, methods, and techniques
from technical to organisational issues (Gregor & Hart 2010; Myers & Venable 2014;
Peffers et al. 2007). For instance, Wieringa (2014) argues that design science has five

phases of design cycle as follows:

1. Problem mvestigation. Explain what a phenomenon 1s and why it needs to be

mvestigated and improved.

2. Treatment design. It is related to the design of one or several artefacts in solving the
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problem.

3. Treatment validation. Explain 1if a design can solve a problem.

4. Treatment implementation. Treat the problem with one of the design artefacts.

=2

should the cycle start from the beginning?

Evaluation. Can the treatment solve the problem? What should be improved, and

In another study, Hevner et al. (2004) suggested well-known seven guidelines to

conduct DSR in the Information Systems field. Table 3.2 summarises the seven

guidelines of conduct, design evaluation and communication of research as proposed by

Hevner et al. (2004). This 1s also followed by the descriptions of the applications in this

research.

Table 3.2 DSR Guidelines (Hevner et al. 2004, p. 83)

No Guideline

Description

Application in this research

1) | Design asan
Artifact

DSR needs to produce an
applicable artefact

The development of artefacts that
includes constructing, model,
method and architecture

2) | Problem Relevance

Artefact in DSR is developed to
provide important solutions that
are relevant to human problems

An incremental knowledge
acquisition method will be adopted
to support recommendation of
learning objects in AES

3) | Design Evaluation

The artefact needs to be
demonstrated through rigorous
evaluation procedures in terms
of quality and efficacy

The design artefact will be
evaluated through the two case
studies

4) | Research
Contributions

DSR must provide a clear
contribution in terms of the
design or methodologies

The design artefact will contribute
a new understanding of evaluating
a developed KBS

5) | Research Rigor

The design artefact must be
rigorously constructed,
implemented, and evaluated

The research rigour is achieved by
testing and evaluating the design
artefact to determine the best
solution with the reasons to
improve the design.

6) | Design as a Search
Process

The expected artefact is
achieved from an effective
searching process while
satisfying the problem

The design artefact has its own
methodology that will be applied
to improve the knowledge of the
framework.

7) | Communication of
Research

The output of DSR should be
effectively presented to
technology-oriented and
management-oriented audiences

The communication of research
were presented through
conference and journal
publications (Muhammad et al.
2018; Muhammad et al. 2016)

The implementation of DSR in this research 1s organised i four phases. These
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phases were created 1 accordance with the DSR guidelines in Table 3.2. As illustrated
i Figure 3.1, the first phase focuses on identifying the knowledge gap from relevant
literature. This 1s the implementation of design as an artifact and problem relevance.
Then, the realisation of design evaluation 1s provided in Phase 2, designing the generic
learner model for adaptive e-learning. Following this in Phase 3, the design and
development process that addresses the question of the research i1s examined. This
phase is the realisation of design evaluation and research contribution. Finally, Phase
4 demonstrates and evaluates the proposed prototype. This is the implementation of
research rigor and design as a search process. According to the principles of design
science research, following evaluations, prior phases are revisited to refine the model

and the knowledge base development process.

Research Start

Phase 1: Problem Identification

Phase 2: |dentifying a Generic Learner
Model for AES

Phase 3: Development of an
Incremental Knowledge Acquisition
Knowledge Base

Phase 4: Evaluate the Developed KBS
through Two Case Studies

Research End

Figure 3.1 Research Phases

3.2 Phase 1: Problem Identification

The first phase in this thesis 1s 1dentifying the problem and exploring opportunities
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in the current environment. In this stage, existing knowledge 1s investigated to raise the
main problem in this project. In DSR, this phase 1s also known as problem investigation,
where the purpose 1s to understand the underpinning problem and explore a better
designed solution. According to Wieringa (2014), there are four categories to mvestigate
the problem: problem-driven, goal-driven, solution-driven, and impact-driven
mvestigation. These processes of problem identification are similar to those suggested
by Peffers et al. (2007). As shown in Figure 3.2, there are four possible entry points in
DSRM: problem-centred mitiation, objective-centred solution, design and development-
centred initiation, and client/context initiation. By these classifications, the problem
identification process may start at any step and move outward.
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Figure 3.2 DSRM Process Model (Peffers et al. 2007, p. 54)

The problem investigated in this research fits into problem-centred mitiation,
which 1s known by reviewing previously published studies. The review initiates by
studying relevant research related to knowledge acquisiion and knowledge-based
systems, specifically related to evaluation, validation, verification, issues and
opportunities. From the review of the literature, 1t is understood that most studies in this
field have only focused on the designs and implementations. Little 1s known about the
evaluation process of KBS, and it 1s not clear when the evaluation process usually
completes. Only a limited number of studies have been conducted to address this
problem. In this thesis, the evaluation field was surveyed, and we focused on dynamic
evaluation by monitoring the knowledge acquisition process (Beydoun & Hoffmann
2013) for determining the conditions to terminate the KBS development process.

Despite this promising philosophy, more mvestigation needs to be undertaken as the



approach has never been applied in practice. After reviewing numerous models in the
knowledge-based system, the rule-based model using knowledge acquisition Ripple-
Down Rules was selected after considering its flexibility and ease of decision making.
Then, a knowledge-based system was proposed as the artefact to provide a rich
environment of AES that enables improvement of the research methodology on

validation 1ssues.

After developing a proof-of-concept-level prototype, this research confirmed the
capability of the proposed KBS to support and automate the e-learning system. The
artefact was implemented under two case studies with data classified mnto three models,

which are:
1) Learner model to express an abstract overview of a learner in AES.

2) Domain model that contains learning resources with structure and descriptive

information.

3) The instructional model which simulates the adaptation by applying selection

rules.

Then, the evaluation was conducted for obtaining the optimum condition of the
knowledge acquisition process. The statistical analysis took mto account the validation

process.

Chapter 1 and 2 of this thesis are the output of the activity in phase 1. Chapter 1
provides the rationale behind this research, ranging from the description of the problem
to the solution of this research. While Chapter 2 1s the description of the investigation

problems that exist in the literature.

3.3 Phase 2: Identifying a Generic Learner Model

Following the DSR paradigm, the second phase produces an artefact to represent
the AES domain, as identified in Phase 1. The artefact output of this phase 1s the learner
model. The purpose of identifying the learner model 1s to represent the domain
knowledge of a learner in an adaptive learning environment. The representation of the
domain knowledge 1s designed to be generic so that a course from any domain of AES

can be configured into the system. The implementation of a generic learner model 1s
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adapted from (Beydoun, Low, Mouratidis, et al. 2009) by eliminating the last step. The
overall development process of the generic learner model i the second phase is
lustrated 1n Figure 3.3. The output of Phase 2 will be described in detail in Chapter 4

of this thesis.

Step 1: Identification of the source of
knowledge and collection of the learner
models

Step 2: Classification of the learner
models according to the selection criteria

Step 3: Extraction of the concepts that are
related to the learner model

Step 4: Selection of the general concepts
that are used in the models

Step 5: Classification of the selected
concepts from previous step

Step 6: Validation of the initial learner
model

Figure 3.3 Overall Guideline of Learner Modelling Process

The above Figure 3.3 1s a guideline for constructing a learner model in AES. It
has six steps where each step contains detailed instructions on the tasks and processes

that should be performed. A brief description of each step 1s as follows:

1) Step 1: Identification of the source of knowledge and collection of the learner
models. The main activity in this step 1s to collect models from several knowledge
sources. To obtain the best results, the source of knowledge is elected from a
reputable online database, including EBSCO, Scopus, and Web of Science. Then,

a set of criteria 1s used to search and select the desired articles.

2) Step 2: Classification of the learner models according to the selection criteria. The
results from the previous step are classified according to the selection criteria. For

our research, three selection criteria were used: Personal User Characteristics;

67



3)

Previously Acquired Knowledge and Skills; and  System-Related User
Characteristics. These classifications were selected as they contain the general
taxonomy for a learner model. Thus, the candidate models were classified based on

their completeness and coverage.

Step 3: Extraction of the concepts that are related to the learner model. The
extraction process involves the identification of concepts among models that have
high feasibility to be included in the mitial learner model. The extraction process 1s
carried out by mnspecting all the articles, then 1dentifying the important concepts to
be used as model data. The extracted concept should represent things or objects

from the learners.

Step 4: Selection of the general concepts that are used in the models. In this step,
the list of concepts derived from the previous step was analysed and refined. The
first step in selecting a candidate concept 1s by filtering the number of occurrences
and generality of the name. The same concept in each model 1s counted, then sorted
from highest to lowest occurrence. Concepts that appear in at least three models are
selected as candidates for inclusion in the model list, while the concept that appears

only i one or two models 1s discharged from the process.

Step 5: Classification of the selected concepts from previous step. In this step, the
selected concepts are grouped nto categories according to their function in the
learner model. As stated in Step 2, the classification 1s selected from the review of

studies based on the general taxonomy of the learner model on AES.

Step 6: Validation of the initial learner model. The last step 1s validation to measure
the quality of the learner model by mvestigating the generality, expressiveness and
completeness of the proposed learner model. For this purpose, the validation

process follows frequency-based selection as the validation technique.

3.4 Phase 3: Development of an Incremental Knowledge

Acqusition Knowledge Base

The activity in Phase 3 1s the design and development of the main artefact, which

1s an Instantiation to solve the problem as identified in the first phase. The instantiation
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1s realised as a knowledge-based system that supports adaptive learning. The prototype
1s constructed from scratch in the form of a web-based program. This thesis utilises
Apache web server, PHP server script language, and MySQL database server for
prototyping. The knowledge base in the system 1s built up incrementally from the test
cases supplied into the system. The system refines the test cases and builds rule tree

based on the cases.

There are two requirements that need to be filled for the development process.
First, the system should facilitate knowledge extraction and structuring of the knowledge
from sources. The system does not allow direct rule creation nor correction to the
existing rules as this could negatively affect the existing knowledge in the KB. All rules
will be created automatically from errors that are found during the knowledge acquisition
process. However, the role of the expert 1s still needed to perform manual refinement.
The second requirement is that the system should facilitate the monitoring of the
knowledge acquisition process. Thus, a monitoring module 1s developed to calculate
statistical analyses on the fly during the knowledge acquisition process. The monitoring
module will present the performance of the KB for further analysis. The output of the

artefacts which include model, framework and architecture, are presented in Chapter 5.

3.5 Phase 4: Testing and Evaluation of the Concept

The main activity in Phase 4 1s to evaluate the artefact developed n the previous
phase. The evaluation in design science methodology has several goals (Johannesson &
Perjons 2014). The main goal of the evaluation 1s to determine the extent to which the
artefact 1s effective for solving the proposed problem. Besides, an evaluation can also
have other goals, such as to evaluate the requirements, investigate formalised knowledge,
mvestigate side effects, and identify opportunities for improvement. The evaluation goals
can be combined. As in this research, the goal of evaluation is to investigate formalised

knowledge and obtain information to improve the design.

As mentioned before, the mstantiation in this research i1s a KBS to support
adaptive learning. The first activity for the evaluation 1s to evaluate the first requirement,
that 1s, an mvestigation on how well the artefact solves the problem of adaptivity in AES

environment. It 1s demonstrated by implementing a real course of study within the e-

69



learning system. The course of study chosen for the first case study 1s “Web
Development”, while the topic in the second case study 1s “Networking Essentials”. This
will enable the implementation process for different presentation styles and illustrate on
how to achieve adaptivity. It will also illustrate that the approach in guiding the learning

path of a student can be used in different topics of learning.

Model of the domain

Criterias

Test Cases

Learner Model
. RDR P Testdata
Domain Model Knowledge Base | Ryl Expected

results
Instructional Model Knowledge

Acquisition Process

Monitoring RKB

Performance
Evaluation

Evaluation Process

Figure 3.4 Guideline for Evaluation Process

The second requirement is to evaluate the KB by monitoring the knowledge
acquisition process. Figure 3.4 illustrates the guideline for evaluating the process. The
first activity 1s to generate and optimise a set of test cases that consist of a combination
of input and expected outputs. The test cases will simulate the actual operation of the
knowledge base. The test data should represent the coverage of all possible
combinations with at least a pair of attributes represented in the test cases. Therefore,

pairwise combinatorial testing 1s adopted in this process.

Then, the evaluation analysis process runs on the fly and parallel during the
knowledge acquisition process. This research adopts statistical analysis to evaluate every
change during the knowledge base update. The modification of RDR-knowledge base
during the knowledge acquisition process 1s monitored and integrated with the statistical

analytics. Statistical analysis 1s a way to estimate the coverage of the knowledge base and
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predict the certainty level of new rules. Overall, this activity aims to evaluate the coverage
of the rules and measure the predictivity from the knowledge base decision. The trend
of the analytical result will determine if the knowledge acquisition process should be
stopped or continued. The final results will conclude the performance of the developed

knowledge base.

3.6 Chapter Summary

This chapter explores the research methodology used in this thesis. A design
science approach 1is followed to create an adaptive learning system based on an
mcremental knowledge acquisition approach. The design and development of the AES
will be interleaved with the evaluation by monitoring the KB readiness. The research 1s
structured in four iterative phases. The first phase i1s problem identification. The
problem investigated in this research fits into the category of design and development-
centred approach, where this research enhances and further develops the existing
adaptive learning systems. Phases 2 and 3 refer to the artefact development based on the
problem identified mn the first phase. Phase 2 1s the development of the generic adaptive
learning model, follow by the development of adaptive learning system based on

mcremental knowledge acquisition in Phase 3.

Phase 4 covers the evaluation phases of the artefacts. All these phases are
elaborated in the corresponding chapters in this thesis. The problem identification from
existing research was compiled i Chapter 1 and 2. The research methodology for
answering the research gap 1s reviewed in Chapter 3. The development of an adaptive
learning metamodel will be explored in Chapter 4. The development of the proposed
model will be demonstrated and illustrated in Chapter 5. Once the model 1s developed,
the next process to be followed 1s the evaluation. In this research, the purpose of the
evaluation process 1s to estimate the effectiveness of the developed knowledge base. The

final conclusion and potential future work will be presented in the last chapter, Chapter

8.
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4 IDENTIFYING THE LEARNER MODEL OF
ADAPTIVE E-LEARNING SYSTEM

As described in Chapter 3, the topic n this thesis covers two significant areas:
identifying and fulfilling modelling requirements and development of adaptive e-learning
systems. The first part 1s described in this Chapter, while the second part is discussed in
Chapter 5. The modelling requirements in Adaptive E-Learning Systems focus on two
1ssues. First 1s identifying the learner model for adaptive e-learning development. The
aim of modelling the learner 1s to answer the mitial question of adaptivity: what
characteristics of the users should the learner model describe to enable the e-learning
system to assist them in attaining high achievements? Before defining and presenting the
characteristics of the learner, it 1s necessary to have a good conceptual understanding of
the fact that adaptive learning has a different aspect too. The second issue 1s how a
learner and the elements in their environment can be jointly analysed and exploited to
provide useful information about the learning process that 1s constructed from each

learning episode.

This chapter presents a modelling technique to i1dentify a set of learner models
based on a rigorous literature review. It begins by presenting the procedures to extract
the learner model. It creates the mitial version of the first component of the design
science artefact that this research aims to produce, the learner model. This model
describes the concepts commonly used in modelling students and their environment in
adaptive learning. The procedure presented in this section portrays the adaptive e-
learning system from the angle of a student. The purpose 1s to identify the essential
properties that characterise the student in an e-learning environment. Section 4.2
presents the definition of each feature in the learner model and their potential values
that represent the characteristics of the learner. Finally, concluding statements to further

justify the learner model are presented in Section 4.3 to conclude this Chapter.
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4.1 Procedure to Construct the Learner Model

This chapter discusses the specific method of how the learner model was
constructed. The main focus of this section 1s to find future aspect of the learner’s model
from the relevant literature review. First, the procedure to extract the concept of the
learner model 1s described, followed by a presentation of the proposed concept. The
modelling procedure 1s adapted from the metamodeling process of introduced by
Beydoun, Low, Henderson-Sellers, et al. (2009). It is a rigorous and well-defined
method that lends itself to reuse. As shown in Figure 4.1, the adaptation in the
methodology includes additional model collections of AES models, exclusion of the
relationships between concept, and inclusion of the validation methods in the last step.

Specifically, the goal of each step 1s the following:

e Step 1: Identification of the source of knowledge and collection of the learner

models.
e Step 2: Classification of the learner models according to the selection criteria.
e Step 3: Extraction concepts that are related to the learner model.
e Step 4: Selection of general concepts that are used in the models.
e Step b: Classification of the selected concepts from the previous step.

e Step 6: Validation of the initial learner model.

Step L: Step 2: Step 3 Step 4: Step 5: Step 6:
Knowledge Learner ; . o o
Extraction of Selection of Classification Validation of
source Model Concepts Concepts of Concepts
Collection Classification P P P the model

Figure 4.1 Learner Model Creation Process

4.1.1 Step 1: Identification of the source of knowledge and collection of

the learner models

The first step in the refinement process 1s to collect models from the knowledge

source. For the sake of ensuring identification of major contributions in leading journals,
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a model search was undertaken using reputable online databases including EBSCO,
Scopus, and Web of Science. A set of criteria was used to search and select the articles.
If the resulted papers did not meet the selection criteria, then they were excluded from

the collection. This research used three criteria which are described as follows:

e The literature was based on a set of keywords search in the topic fields (title, abstract,
and keywords) of publications. The search phrase was composed of three fragment
joints with the AND operator. The first fragment covers the adaptation and
personalisation, so the term (adapt™ OR personal®) was used as the first keyword of
the search phrase. The second fragment of the search phrase 1s to cover the field of
e-learning and educational system. The second fragment consisted of the following
terms: (e-learning OR hypermedia OR “web-based learning” OR “intelligent
tutoring”). Then, the third segment restricted the search only on a paper reporting
the learner model 1n their framework, so the term (“learner model” OR “student
model” OR “user model”) was used. The last fragment was used to focus only on
the research that had been evaluated or implemented in an educational setting. So,
the search terms (evaluate® OR empiric* OR experiment®) were applied as the last

fragment.

e Along with the keyword fragment, the search literature was limited to the articles
published in the English language from 2005 to 2017. The consideration for

selecting this period 1s to get the latest state of the art research trend in this domain.

e The final criteria of the literature search were to survey only journal articles and
book sections. Therefore, other publication forms, including conference
proceedings, books, technical reports, or unpublished working papers were not

included 1n the selection.

95 document results T N S S S

adapt* OR personal* e-learning OR hypermedia OR "web-based learning" OR "Intelligent tutoring" “user model*' OR “student model*"
“learner model*" evaluat® experiment* empiric® 2004 2018 “ar® “ch*
“English”

# Edit B Save [0 Setalert Set feed

Figure 4.2 The search result of the model in Scopus
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As can be seen from figure 4.2, a search with the proposed criteria using Scopus
has produced 95 document results. By performing a similar search procedure to other
databases, the total number of articles found was 145 papers. Most of the articles were
published in the User Modelling & User-Adapted Interaction journal with twenty-six
papers, followed by Computer & Education and IEEE Transactions on Learning
Technologies with eight papers each. Following this, the abstracts and full texts were
thoroughly inspected. After reading all available accepted articles, a total of 82 models

were selected for further analysis.

4.1.2 Step 2: Classification of the learner models according to the selection
criteria

The selected learner models from the previous step were collated n a single table
to ensure that every title only appears once. The selected models were refined based on
their completeness in this step. The criteria of completeness refers to the coverage
presented by the model concerning the types of learner model as suggested by (Granic
2008; Grani¢ & Naki¢ 2010): 1) Personal User Characteristics; 2) Previously Acquired
Knowledge and Skills; 3) System-Related User Characteristics. These classifications
were selected as they contain the general taxonomy for learner model. Therefore, the

designation could be applied to many models and was not specific to certain models.

As presented in Table 4.1, 33 models were found according to the criteria. These
models were distributed in two different sets, Set 1 and Validation Set 1. The process of
refining the model started from identifying the high level and general concept. The
models in Set 1 were used as the main source of extraction. These sets contained the 23
learner models that were covering at least one type of the classification presented above.
The models were selected based on the coverage and the number of works cited in the
articles. Some papers cover all type of learner models, while others only focus on one
type or none. The articles that did not cover at least one type of learner model were
discarded from further processes. As the task of the first step 1s finding the common
vocabulary, many references meet the criteria. Then the process went details afterwards
by refining the candidate concepts for its occurrence and consistency. This process 1s
exhaustive and time-consuming. However, the process was reliable and rigour from the

identification of the concepts to validation.



Table 4.1 Model classification

Previously System-
No | References Tgtal Y(?ar Personal _Us.er Acquired Related User
Cited | Published | Characteristics | Knowledge | characteristics
and Skills
Set 1 for the model development

1 (Chen, Chang & | 304 2008 X X X
Wang 2008)

5 (Sangineto et al. | 139 2008 X X X
2008)

3 (Martins et al. | 128 2008 X X X
2008)

4 (Germanakos et al. 63 2008 X X X
2008)

5 (Jun-Ming et al. 63 2006 X X X
2006)

6 (Jeremi¢, Jovanovié 59 2012 X X X
& GaSevi¢ 2012)

7 (Kim, Lee & Ryu 50 2013 X X X
2013)

8 (Reategui, Boff & | 50 2008 X X X
Campbell 2008)

9 (Kelly 2008) 45 2008 X X X

10 (Chrysafiadi & | 38 2012 X X X
Virvou 2012)

11 (Papanikolaou 15 2015 X X X
2015)

12 (Colace, De Santo & 12 2014 X X X
Greco 2014)

13 | (Pefia Ayala 2010) | 12 2010 X X X
(Eberle, 11 2011 X X X

14 | Schwarzinger &
Stary 2011)

15 (Mdaller & Kohlhase 9 2009 X X X
2009)

16 | (Ouf et al. 2017) 8 2017 X X X
(Medina-Medina, 2011 X X X

17 Molina-Ortiz &
Garcia-Cabrera
2011)

18 (Dogan & Dikbiyik 2 2016 X X X
2016)
(El Bouhdidi, 2 2013 X X X

19 | Ghailani & Fennan
2013)

20 (Lamia & Tayeb 1 2013 X X X
2013)

21 (Hafidi & Bensebaa 0 2013 X X X
2013)

29 (Markovié et al. 19 2013 X X
2013)

23 (Legaspi et al. 9 2008 X X
2008)
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Validation Set 1 for validation

1 (2Lci)r(r)18;1gelli et al. 95 2009 X X X
5 g/g:ﬁi?is et al 5 2011 X X X
s | G o | 80 | 2000 | * *
4 gé)agg;nplpensetal. 26 2006 X X X
5 (2Bc;'i:{15t;)n et al 23 2015 X X X
o |t a7 | ooms | * ‘
Gt e | o | X X
o |vocomenener| o | oo | |

o | Seo oo o [ | : X
10 | (Colace etal.2016) | O 2016 X X

After selecting the articles for Set 1, the remaining ten articles were grouped in the
Validation Set 1 and used for validating the mitial learner model. The validation process
has two objectives: to find the missing concept and to evaluate the importance of the
concept. The list of concepts within the validation set 1 are compared with the mitial
model. If a concept 1s not found 1n the original model, then the concept 1s included as
the candidate concept. Furthermore, the calculation of the frequency of occurrence of
each concept within the set model 1s used to evaluate the importance of the concept. If
the concept 1s rarely used, then it will be removed or replaced with other concepts that

meet the criteria.

4.1.3 Step 3: Extraction of the concepts that are related to the learner

model

The extraction process imvolves the identification of concepts among models that
have high feasibility to be mcluded in the mitial learner model. The extraction process
1s done by inspecting all the articles, and then 1dentifying the important concepts to be
used as model data. The extracted concept should represent things or objects from the
learners. A common way to identify the things or objects 1s by finding the noun within
the sentence (Al et al. 2017). For instance, “ Gender, Learning Style, Personal Data” 1s

a noun and might be mcluded in the mitial concepts. The concepts can be extracted
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from various sources, including through the descriptions, representation of data tables
or graphics of each model. For example, Jeremic, Jovanovi¢ & Gasevi¢ (2012) used the
tree diagram to define their learner model, which consisted of personal data,
performance data, teaching history and test history. Concept extraction can also obtained
from the description of textual models in the paper. As an illustration, Eberle,
Schwarzinger & Stary (2011) describes their learner model within the text description.
Thus, we can extract several main concepts from the description, such as Knowledge,
Interest, Goals, Preferences, Learning Style, Content, Domain Concepts, Topic Level,
and 7asks. The list of previously identified concept could also help facilitate the

extraction of the concepts.

The concept extraction started from Set 1 in Table 4.1. Then, the process mvolved
identifying the candidate concepts that could be included i the learner model. The
clear and widely accepted definition 1s strongly considered. The identification and
extraction of the concepts were collected manually for each paper. The result of the

extraction process 1s shown mn Table 4.2 below.

Table 4.2 Shortlisting candidate concepts

No.

Reference

Candidate Concepts

Total

(Chen, Chang
& Wang
2008)

Learning Behaviour, Self-Evaluation, Testing Result, Schedule,
Learning Condition, Learning Activity, Learning Goal,
Motivational Information, Instructional Plan, Course Schedule,
Learning Performance, Learning Task, Learning Strategy,
Duration, Concept, Difficulty, Learning Device, Place,
Presentation, Interaction, Test Result, Announcements

22

(Sangineto et
al. 2008)

Cognitive State, Domain Concept, Knowledge Degree, Number
of Test, Learning Style, Learning Preference, Learning Path,
Educational Context, Age, Languages, Learning Styles,
Presentation, Classification, Educational, Learning Resource
Type, Teaching Style

16

(Martins et al.
2008)

Personal Information, Demographic Data, Age, Academics
Background, Qualifications, Knowledge, Deficiencies, Domain
of Application, Learning Style, Cognitive Capacity, Traces of
Personality, Inheritance of characteristics, Objectives, Planning,
Navigation, Knowledge Acquired, Results of Evaluations,
Context Model, Aptitude, Interest, Deadline Extended,
Psychological Profile

22

(Germanakos
et al. 2008)

Habits, Location, Time, Security, Authentication, User
Segmentation, Content Identification, User Perceptual
Characteristics, Knowledge, Goals, Background, Experience,
Preference, Learning Strategy, Activities, Age, Gender, Device,
Bandwidth, Display, Connectivity, Interface, Data Entry, Working
Memory, Learning Style, Visual and Cognitive, Cognitive Task,
Cognitive Processing, Emotionality

29
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5 (Jun-Ming et | Learning Activity, Learning Behaviours, Learning Portfolio, | 21
al. 2006) Learning Path, Preferred Learning Course, Grade of Course,
Learning Sequence, Learning Time, Gender, Age, Education
Status, Learning Experience, Learning Motivation, Learning
Pattern, Identification, Course Module, Student Characteristics,
Cognitive Style, Learning Style, Media Preference, Social Status
6 (Jeremié, Personal Data, Username, Country, Organization, Language, | 27
Jovanoviéc & | Performance Data, Time of Last Session, Detail Level, Session
GaSevié Number, Programming Language, Teaching History, Concept
2012) History, Test History, Unit History, Time, Detail Level, Learning
Style, Initial Skill Level, Experience Level, Actual Skill Level,
Duration, Number of Passes, Degree of Mastery, Knowledge
Level, Instructional Plan, Concept Title, Difficulty Factor
7 (Kim, Lee & | Experience, Background, Goals, Knowledge Level, Preference, | 15
Ryu 2013) Interest, Interaction Style, Attitude, Learning Experience,
Personality, Cognitive Style, Learning Performance, Time Taken,
Correct Answer, Trait
8 (Reategui, Demographic Feature, Affective State, Age, Gender, Course, | 16
Boff & | Hobby, Topics of Study, Emotion, Mood, Interpersonal Stance,
Campbell Attitude, Personality Traits, Knowledge, Login Time, Language,
2008) Emotional
9 (Kelly 2008) Knowledge, Background, Learning Behaviour, Navigation, | 17
Presentation Strategy, Choice Level, Activity Level, Activity
Group, Pedagogical Strategy, Learning Performance, Learning
Gain, Learning Activity, Preference, Navigation History, Time,
Instructional Design, Intelligence
10 | (Chrysafiadi & | Level of Knowledge, Needs, Characteristics, Misconceptions, | 9
Virvou 2012) Individual Traits, Cognitive State, Learning Performance,
Domain Concept, Percentage of Error
11 | (Papanikolaou | Pedagogical Duration, Pedagogical Type, Level of Performance, | 20
2015) Tools, Learning Style, Knowledge Level, Social Interaction,
Instructional Strategy, Cognitive Purpose Indicator, Working
Style, Learner Control, Visit on Resource, Sequence of
Resource, Time Spent, Action, Type of Assessment, Progress,
Social Purpose Indicator, Scope, Learner Effort
12 | (Colace, De | Learning Characteristic, Cognitive Skill, Intellectual Ability, | 14
Santo & Greco | Intention, Format, Bandwidth, Interactivity, Difficulty Level,
2014) Time, Learning Style, Knowledge Level, Preference,
Competence, Evaluation Test
13 | (Pena Ayala | Psychological, Knowledge Domain, Gender, Age, Level of Study, | 18
2010) Academic Status, Occupation, Hobby, Home Address, Level of
Knowledge, Prior Knowledge, Acquired Knowledge, Background
Domain, Personality Attributes, Learning Preferences,
Cognitive, Topic, Content Experience
14 | (Eberle, Background Knowledge, Interest, Goal, Preference, Learning | 14
Schwarzinger | Style, Content, Domain Concepts, Topic Level, Tasks,
& Stary 2011) | Navigation, Presentation, Interface, Cognitive Style, Global
Objective
15 | (Muller & | Age, Language, Preference, Background, Interest, Behaviour, | 19
Kohlhase Social Network, Default Notation Context, Context Parameters,
2009) Date, Time, Device, Location, Area, Audience, Task, Event,
Expertise, Layout
16 | (Ouf et al. | Personal Information, Contact, Demographic, Biographic, | 24
2017) Qualification, Certification, Performance, Preference, Format

Presentation, Language, Media Type, Interest, Learning Goal,
Background Knowledge, Learning Style, Learning Activity, Prior
Knowledge, Portfolio, Security, Relation, Competency,
Knowledge, Skill, Ability
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17 | (Medina- Personal Data, Access Password, Name, Gender, Age, | 20
Medina, Occupation, Knowledge, Number of visits, Degree of
Molina-Ortiz & | Knowledge, Experience, Navigation, Preference, Knowledge
Garcia- subdomain, Interesting Concept, Knowledge Goal, Location,
Cabrera Task, Language, Level of Difficulty, Media
2011)

18 | (Dogan & | Personal Information, Username, Date of Birth, Gender, Start | 20
Dikbiyik Date, Last Visit, Status, Time, Learning History, Difficulty Level,
2016) Course Content, Concept Error Rate, Success Status, Concept

Learning Level, Related Concept, Previous Concept, Needs,
Misconceptions, Cognitive Ability, Behaviour

19 | (EI Bouhdidi, | Preference, Security, Accessibility, Learning Style, Learning | 18
Ghailani & | Task, Goals, Skills, Interest, Diploma, Identification, Affiliation,
Fennan 2013) | Personal Information, Historic, Objective, Competence, Activity,

Pre-required Knowledge, Formative Evaluation

20 | (Lamia & | Level Knowledge, Demographic Information, Gender, Age, | 15

Tayeb 2013) Language, Culture, Preference, Navigation, Goal, Level
Knowledge, Ability, Learning Style, Thinking Style, Difficulty
Level, Media Format

21 | (Hafidi & | Personal Data, Knowledge Level, Preferences, Traces, Prior | 17
Bensebaa Knowledge, Learning Activity, Assessment, Learning
2013) Performance, Propagation, Learning Success Rate, Skill Level,

Achievement, Gap Control, Potential Control, Learning Success
Rate, Learning Progression, Level of Competence

22 | (Markovié et | User Behaviour, Knowledge State, School, Student Profile, | 16

al. 2013) Learning Style, Cognitive Style, Learning Path, Learning Time,
Learning History, Knowledge Level, Media, Test Result,
Psychological Characteristic, Activity, Learning Process,
Achieved Results

23 | (Legaspi et al. | Level of Cognitive, Proficiency Level, Effort, Response to Hint, | 19
2008) Number of Mistakes, Problem Characteristic, Difficulty Level,

Type of Operand, Utility, Number of Subskill Tested, Result
Information, Level of Interactivity, Maximum Hint, Current Hint,
Amount of time, Task, Age, Gender, Trait

Total 428

4.1.4 Step 4: Selection of the general concepts that are used in the models

The first step 1n selecting a candidate concept was filtering the number of occurrences
and generality of the name. The purpose of filtering based on occurrence 1s to find the
concepts with a higher degree of confidence. This process 1s part of the methodology
proposed by (Beydoun, Low et al. 2009). The same concept in each model was counted,
then arranged from the highest to the lowest occurrence. If the concept appeared n
more than three models, it was selected as a candidate for inclusion in the model list.
Meanwhile, the concept that appeared in less than three models was discharged from
the process. If two or more concepts had a similar meaning, then these concepts were

unified by selecting only one name that had the highest frequency. For example, as
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shown i Table 4.3, the authors used the concepts: Difticulty, Difliculty Factor,
Ditliculty Level, and Level of Dithiculty for the same meaning and purpose. The term
“ Difticulty Level’ 1s designated in the model list as 1t has the highest frequency and 1s a
more general term. The other concepts are thus excluded from the model list. The
concepts that do not directly represent the elements of learners were removed from the
list. For example, concepts Utzlity and Current hint were removed as they only appear
once 1n a specific model. In case an important concept was found but less than twice,
this concept might be too specific to the proposed model. Thus, a process to harmonize
and fit the concepts between the candidates 1s required. This activity will be conducted

i the next Step 5.

Table 4.3 Example of selection of general concept

No General Concept Concepts Frequency | Generality
1 Background Background 4 1
Background Knowledge 2 1
Background Domain 1 0
2 Bandwidth Bandwidth 2 1
Connectivity 1 1
3 Cognitive Style Coghnitive 1 1
Cognitive Ability 1 1
Cognitive Capacity 1 0
Cognitive Skills 1 1
Cognitive Processing 1 0
Cognitive Purpose Indicator 1 0
Cognitive State 2 1
Cognitive Style 4 1
Coghnitive Task 1 0
Level of Cognitive 1 1
Visual and Cognitive 1 0
4 Competence Competence 2 1
Competency 1 1
Level of Competence 1 1
5 Content Content 1 1
Content Experience 1 0
Content Identification 1 0
Course Content 1 1
6 Course Course 1 1
Course Module 1 1
Grade of Course 1 0
7 Device Device 2 1
Display 1 0
Interface 2 0
Learning Device 1 1
Tool 1 1
8 Difficulty Level Difficulty 1 1
Difficulty Factor 1 0
Difficulty Level 4 1
Level of Difficulty 1 1
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4.1.5 Step 5: Classification of the selected concepts from the previous step

In this step, the selected concepts were collected into a classification according to
their function in the learner model. As stated in Step 2, the classification 1s selected from
the literature review based on the general taxonomy of the learner model on AES. The
selected concepts were grouped nto three classifications: (1) Personal user characteristic;
(1) Previously acquired knowledge and skills; and (i11) System-related user characteristic.
Personal user characteristic comprises general user information, such as age, gender, or
individual traits. Previously acquired knowledge and skill encompasses prior experience,
previously acquired skills, and background knowledge. Lastly, system-related user
charactenistic includes all concepts that are changeable as related to the particular system.

Classification into this category 1s presented in Table 4.4.

Table 4.4 List of proposed concept organised into three classifications

Classification Concepts

Personal user Language, Age, Cognitive Ability, Competence, Education Status,

characteristic Emotion, Occupation, Gender, Learning Style, Personal
Information, Personality

Previously acquired Course, Instructional Plan, Knowledge Level, Background,

knowledge and skills Learning Experience, Activity, Skills, Learning Performance,
Objective, Concept, Prior Knowledge

System-related user Bandwidth, Device, Preference, Goal, Task, Teaching History, Time,

characteristic Topic, Interest, Difficulty, Location, Motivation, Interactivity, Format

4.1.6 Step 6: Vahdation of the mitial learner model

This validation set out to measure the quality of the learner model by imvestigating
the generality, expressiveness and completeness of the proposed learner model. The
purpose of the validation here 1s to ensure that the model contains adequate concepts
to represent the purpose model. For this purpose, the validation process follows the
frequency-based selection by De Kok (2010), as validation techniques. This method 1s
performed by comparing each candidate concept with the models in Validation Set 1.
Then, the frequency of appearance 1s counted and the concept with a low score 1s
eliminated. The comparison against other 10 models 1s to 1dentify wether any missing
concepts to the mitial version. Besides, it will also ensure the initial model covered broad

coverage. Table 4.5 illustrates the comparison of candidate concepts with other models.
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Table 4.5 List of candidate concepts comparing with models in Validation Set 1

No | Concepts 1 (2 |3 |4 |5 |6 |7 [8 |9 |10 | Frequency
Personal user characteristic
1 | Age 0
2 Cognitive Style X X | X X 4
3 Competency X X 2
4 Experience X X X 3
5 Gender 0
6 Language 0
7 Learning Style X X X | X X 5
8 Qualification X 1
9 Personal Information 0
10 | Personality X | x | x X 4
Previously acquired knowledge and skKills
11 | Background X X X X X 5
12 | Content 0
13 | Course X X X 3
14 | Domain Concept X | x | x X 4
15 | Instructional Plan X 1
16 | Knowledge Level X | X | X X | X | x| x| X X 9
17 | Learning Activity X | X X X 4
18 | Learning Performance X X 2
19 | Prior Knowledge X | X | X X | X | x| X 7
20 | Skills X | x | x X | x 5
21 | Topic 0
System related user characteristic
22 | Bandwidth X 1
23 | Device X X 2
24 | Difficulty Level X | x| X X 4
25 | Emotion X X 2
26 | Goal X X | x X 4
27 | Interactivity X X X 3
28 | Interest X X 2
29 | Learning Motivation X X 2
30 | Location X 1
31 | Objective X X 2
32 | Preference X X X X X X 7
33 | Presentation X X | X X X 5
34 | Time X X | X X X 5

Furthermore, frequency-based validation uses an indicator called the Degree of
Confidence (DoC). DoC value 1s used to measure the probability that a concept 1s used
in a randomly chosen model that 1s included i Validation Set 1. DoC can be formulated

as follows:

) Frequency of Concept
Degree of Confidence (DoC) = Total Model of Set 1 X 100%

The value of DoC can be categorised into the following five levels of importance:

e Very Strong (70-100%).
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e Strong (H0-69%).

e Moderate (30-49%).
e Mild (11-29%).

e Very Mild (0-10%).

Very Strong means that the selected concept has appeared many times in
Validation Set 1 models. For example, the concepts Knowledge Level has a very strong
concept with 909 DoC value. On the other hand, Very Mild has the least appearance
of the concepts from zero to one. The result of the DoC classification with the selected

concepts 1s illustrated in Table 4.6.

Table 4.6 Degree of Confidence for Learner Model

CIassDif(i)gation Learner Model Concepts
70-100% Knowledge Level, Prior Knowledge, Preference
(Very Strong)
50-69% Learning Style, Background, Skills, Presentation, Time
(Strong)
30-49% Cognitive Style, Personality, Domain Concept, Learning Activity, Difficulty
(Moderate) Level, Goal, Experience, Course, Interactivity
11-29% Competence, Learning Performance, Device, Emotion, Interest, Learning
(Mild) Motivation, Objective
0-10% Qualification, Instructional Plan, Bandwidth, Location, Age(x), Gender(x),
(Very Mild) Language(x), Personal Information(x), Content(x), Topic(%)

(*)=Delete the concept

The purpose of this validation 1s to refine the final decision on whether a concept
will be mncluded in the model or not. In this work, the concept that had zero DoC value
was deleted from the list of the learner models. However, some concepts that still had a
DoC value, even i the Very Mild category with low value, were still included m the
learner model. For instance, Qualification, Instructional Plan, Bandwidth and Location
are still in the model because they have 109 DoC value. On the other hand, the concepts
Age, Language, Gender, Personal Information, Content, and Topic were deleted from
the learner model because of zero DoC value. Table 4.7 shows the final list of the learner

model organised into the three components of the learner model.
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Table 4.7 Final concept of learner model

Components Concepts
Personal user Cognitive Style, Competency, Experience, Learning Style,
characteristic Qualification, Personality
Previously acquired Background, Course, Domain Concept, Instructional Plan,
knowledge and skills Knowledge Level, Learning Activity, Learning Performance, Prior

Knowledge, Skill

System-related user Bandwidth, Device, Difficulty Level, Emotion, Goal, Objective,
characteristic Interactivity, Interest, Learning Motivation, Location, Preference,

Presentation, Time

4.2 Proposed List of Concept and Definition

This section describes the concepts of learner model in detail. First, the main
concepts of each component in the learning model are presented. This 1s followed by
the description of the concept and the illustration of its value during the implementation.
The lists of the concept were organised n disorder. Even though some concept might
have a different degree of importance when implementing in the domain. However, to
determine the degree of importance will need more mformation related to the
mmplemented domain. Without understanding the implemented domain, it would be

impractical to compare the importance of the concepts.

4.2.1 Personal user characteristics

Personal user characteristics encompass information regarding the general user
and individual traits. Information related to the general user, such as name, age,
competency, experiences, qualification, could be captured directly from the user’s
feedback. This mechanism differs from individual trait. Individual traits, including
cognitive style, learning style, and personality, usually require separate testing and

mterpretation of the results.

Cognitive Style. The term cognitive style can be described as the way students
think, observe, and remember information. It encompasses the working memory,
control and speed of processing (Germanakos et al. 2008). Cognitive style, along with

learning style, have become the essential concepts in adaptive learning. Researchers have



1dentified that the cognitive processing of the human 1s often related to age, exercise,
and experience (Grani¢ & Naki¢ 2010). According to the Wechsler Adult Intelligent
Scale (WALIS), the cognitive style could be classified into six broad types: mformation,
comprehension, vocabulary, similarities, object assembly, and picture arrangement
(Penia Ayala 2010). Another general classification of cognitive style 1s field dependence

and field independence (Jun-Ming et al. 2006).

Competency. Competency indicates the qualification of a learner in a domain.
Although this 1s not compulsory for the user model, competency might be included as
the portfolio of the learner (Jun-Ming et al. 2006). Competency could represent that a
student possesses the skills and knowledge required n a particular field. A student with
technologically related certification, for example, demonstrates the competency and
knowledge that can be used to generate or personalise content learning (Martins et al.

2008).

Experience. Experience represents the prior record associated with the learner’s
previous practice outside the core domain of the system. Some authors (Colace et al.
2016; Medina-Medina, Molina-Ortiz & Garcia-Cabrera 2011) define experience as the
user’s general knowledge about the domain. However, we include the knowledge inside
the domain n the learning history, as suggested by (Dogan & Dikbiyik 2016; Jeremic,
Jovanovi¢ & Gasevi¢ 2012). Furthermore, experience represents a range of backgrounds
that might be used in AES, including job, profession, responsibilities, or working

experiences in related areas.

Learning Style. Learning style is the way a student learns or prefers to learn. In
fact, every student has different methods or strategies which they prefer when studying.
Many studies have been done to investigate the specific learning style of students to
mmprove the learning process (Brown et al. 2009; Feldman, Monteserin & Amandi
2015). The selection of the appropriate learning style was derived from educational and
psychological field. In e-learning environments, the common learning styles adopted for
adaptive learning are Riding’s Cognitive Style Analysis (Germanakos et al. 2008),
Felder/Silverman Index of Learning Styles (Ozpolat & Akar 2009; Yang et al. 2014),
Myers-Briggs type indicator (Kim, Lee & Ryu 2013; Rastegarmoghadam & Ziarati
2016), and Kolb’s Model (Papadimitriou, Grigoriadou & Gyftodimos 2009).

Qualification. The qualification indicates the learner’s level of education. IMS
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uses education context to describe the environment where learning activities take place,
such as University, School, Training, and others (IEEE 2002). In AES, the qualification
1s used not only to represent the learning resource but also to represent attributes of
learners. Qualification can also be used to generate and personalise the content that 1s

matched with the education context (Jun-Ming et al. 2006; Sangineto et al. 2008).

Personality. Personality reflects a record that stores relevant learning attitude of a
learner. According to (Kim, Lee & Ryu 2013), learner’s experience in e-learning will be
affected significantly if the instruction style matches the learner’s personality. That 1s why
the modelling of personality 1s often closely tied to the preference for learning resource
presentation. Some studies proposed different strategies of personality types, such as
Keirsey’s Temperament Theory, Five-Factor Model, and MBTT. Daughenbaugh et al.
(2002) demonstrated four personality types that are highly relevant to learning: Rational
(intuitive thinking), [Idealist (intuitive feeling), Artisan (sensory perception), and
Guardian (sensory judgment). The Five-Factor Model as suggested by McCrae & John
(1992) also has different effects on learning. This personality consists of five dimensions:
openness, consclentiousness, extraversion, agreeableness, and neuroticism. The MBTI
model by Harrington & Loffredo (2010) provides personality preferences along four
bipolar psychological dimensions: Introvert-Extravert, Sensing-Intuition, Thinking-

Feeling, and Judging-Percerving.

4.2.2 Previously acquired knowledge and skills

This category of learner model comprises mformation related to previously
acquired knowledge, such as background of the learner, domain concept, prior

experience and knowledge, previously acquired skills and learning activity.

Background. In broad terms, background refers to the students’ previous
knowledge in some particular areas, usually outside the domain of the concept, but still
relevant to the body of knowledge. For example, the background for students in the field
of Computer Science or Information Technology might contain information related to
knowledge m programming, system and development, networking, and operating

systems. The other fields will contain the different information of the background.
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Domain Concept. A domain concept consists of a topic of the domaimn. The
domain concept can also be associated with learning objects i e-learning. The
relationship among domain concepts of the course i1s known as the learning path.
Information related to domain concept 1s crucial for adaptation. This allows the system
to generate and predict the content for the student based on the information in the
domain concept (Sangineto et al. 2008). The information in the domain concept is also
needed for determining the adaptation strategy, which is generally defined in the

mstructional model or adaptation model.

Instructional Plan. The instructional plan refers to a specific kind of strategy that
1s used to provide an effective design of learning object to reach a more successful
learning outcome. The instructional plan focuses on current learning states, needs, and
learning outcomes of students. Also, the instructional plan 1s a developing functional
learning system based on a systematic approach that meets the requirements of a specific

target group.

Knowledge Level. Knowledge level represents an element record that reflects the
expertise level of knowledge about a topic given. Knowledge level could represent the
acquired knowledge or required knowledge. The acquired knowledge 1s the knowledge
that the student acquires at a given level. This 1s also given to the student after they pass
a chapter or a test, such as in (Limongelli et al. 2009). The required knowledge describes
the necessary knowledge that students should have before studying a material (Kl
Bouhdidi, Ghailani1 & Fennan 2013). Knowledge level 1s essential in adaptive learning.
A system can adapt the level of student and decide what the next stage of the learning
process might be by accessing the knowledge of the learners. This way of adaptation is
promoted by (Colace et al. 2016; Hafidi & Bensebaa 2013; Medina-Medina, Molina-
Ortiz & Garcia-Cabrera 2011; Papanikolaou 2015). Knowledge level can also be
reflected using performance level indicators (Verginis et al. 2011), automatic system
score (Chrysahadi & Virvou 2012), or question items level, such as Well Learned,

Learned, Poor, and Very Poor (Dogan & Dikbiyik 2016).

Learning Activity. Learning activity 1s defined as any activity that the learner does
while progressing through a unit of instruction in the course. Several types of learning
activities exist according to cognitive or learning style. For instance, Felder-Silverman

exemplifies learning activity as case studies, brainstorming, discussion, problem solving,
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experiments, observing, mind maps, group discussion, case studies, reading, storytelling,
mterviews, listening to lectures, questionnaires, and consulting references (Ouf et al.

2017).

Learning Performance. Learning performance aims to measure the achievements
and effectiveness of different kinds of learning activity. Learning performance can be
determined by several methods. First is using learning goal or task accomplishment rates.
Second, the general measuring score of pre or post-test after completing a lesson. Then,
academic performance by grading the result of pre and post-test. An effective assessment
1s a vital way to measure learners’ performance and accomplishment of the learning
outcomes. That 1s what learners are expected to know, understand, and be able to do in

order to be successful in a domain concept.

Prior Knowledge. Prior knowledge 1s a way to represent the accumulation of
knowledge and learning that each learner brings to a particular course. Prior knowledge
1s aimed at keeping track of everything that the student has done during the learning
process. It is a form of reflection of the performance or success/failure rate of the
student. Prior knowledge data can be obtained from the result of the test (Chen, Chang
& Wang 2008; Jeremi€, Jovanovi¢ & Gasevi¢ 2012), history of last visited learning
resources (Colace et al. 2016; Medina-Medina, Molina-Ortiz & Garcia-Cabrera 2011),

or time spent on completing a chapter (Dogan & Dikbiyik 2016).

Skill. Skill represents the ability of a learner to perform well in a particular area.
The skill of learner 1s often determined to personalise learning content based on the
difficulty level. Skill might be used to represent a general ability in learning or just in a
specific domain. For example, (Jeremié, Jovanovi¢ & Gasevi¢ 2012) uses skill to measure
the degree of mastery in a specific programming language. The values range from bad
(no skill) to expert (high skill). On the other hand, skill also can reflect the general ability
of the learner, such as mathematical skill, analytical, problem solving, reasoning and

logical thinking (Brusilovsky & Millin 2007; Romero & Ventura 2010).

4.2.3 System-related characteristic

Included n this category 1s the user characteristic that depends on the system.

Therefore, this category encompasses all information related to the interaction between
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user, system, and the environment. Other inclusions 1 this category are device,
bandwidth, difficulty level, emotion, goal, objective, interactivity, interest, learning

motivation, location, preference, presentation, and time.

Bandwidth. Bandwidth provides information related to the network or internet
connectivity. Some of the internet connectivity elements include: RFID, IrDA,
Bluetooth, WiFi, WiMax, UMTS, 4G, or Satellite (Economides 2009). Moreover,
bandwidth elements may include static and dynamic properties. The static properties
may be a range of elements to represent the bandwidth values, such as low, medium,
high or mmimum, maximum (Verbert et al. 2012); while the dynamic properties display
the value of the actual speed or capacity of the network (Benlamri & Zhang 2014).
Knowing the network connection gives insight into the e-learning system, to provide
contents adaptation related to media presentation or size of resources that can be

retrieved mnto student’s device.

Dewice. Device contains information related to the type of equipment that 1s used
for learning. The information that 1s attached to a device contains technical elements,
such as screen size, connectivity, central processing unit, interface, mput/output,
memory and storage capacity, and battery lifetime (Germanakos et al. 2008). From these
characteristics, we could refer to the hardware that the learner uses, such as PC, laptop,
PDA, Smartphone, or Tablet (Economides 2009). The device information is important
to determine the media presentation or learning resource that would be adaptable to the

student.

Difficulty Level. Difficulty level indicates the difference in the task that 1s hard to
accomplish or understood by students. As stated by Chen (2008), the difficulty level 1s
relevant to determine the learners’ abilities because mappropriate content can result in
disorientation during learning. In particular, he proposed the dynamic parameter of
difficulty level in different stages of learning to deliver appropriate learning content. In
contrast to this method, some studies used the static parameter to define the difficulty
level. For instance, Chakraborty, Roy & Basu (2010) defined three values of easy,
normal, and difficult, as the difficulty parameter. Jeong (2013) proposed a five-step
difficulty level, which consists of Excellent, Advanced, Intermediate, Intermediate Low,

and Begmner. Another static parameter as suggested by (Dogan & Dikbiyik 2016;
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Jovanovi¢, Gasevi¢ & Devedzi¢ 2006) defined difficulty level by using the scale from 0

(easy) to 1 (difficult).

Emotion. Emotion 1s described as a diffuse affective state that consists of a
subjective feeling change without apparent cause (Reategui, Boff & Campbell 2008).
Different from mood, which tends to appear when the things are not going well
according to their expectation, emotion tends to come from a known cause. For
example, learners exhibit a happy emotion when they understand a topic or pass the
test. Nevertheless, emotion 1s often combined and used interchangeably with mood to

represent the affective states of the student (Hernandez, Sucar & Arroyo-Figueroa 2013).

Goal. Goal is the description of an objective that the learner tries to achieve. The
goal mn AES 1s simply the answer to the question “What does the student want to
achieve?” The goal can be modelled with possible learner goals or tasks that the system
can recognise (Brusilovsky & Millan 2007). Typically, a learner has to select one of the
pre-defined goals. In (Mahnane, Laskr & Trigano 2013), goal’s information is stored to
indicate the particular topic in the system that the learner wants to visit. Some systems
can capture goals from users and models as a probabilistic overlay (Brusilovsky & Millan
2007). Lamia & Tayeb (2013) suggested two classifications of goal, that is the long-term
goal and short-term goal. The long-term goal 1s the lifelong study plan and typically
permanent in the course. In contrast, the short-term goal provides the learner the
opportunity to solve a certain problem, such as passing an assignment or doing
simulation. Goals can be modelled through navigation or monitoring dashboards.
Learning goals are usually set at the beginning of the course, so that the system can
provide information related to the goals that the learner wants to achieve. Then, the
system might provide the needed resources to achieve the goals or remind the learners

of their expected learning level (Chen, Chang & Wang 2008).

Objective. The objective defines a classification of educational objectives that are
used by learners to formulate their intentions. An objective in a subject can be measured
by a degree of control that learners seek to achieve (El Bouhdidi, Ghailani & Fennan
2013). Many objectives of study were derived from Bloom’s taxonomy. According to
Bloom’s taxonomy, the objective of study can be classified into six categories:

knowledge, understanding, application, analysis, synthesis and evaluation.

Interactivity. Interactivity level 1s described as the degree to which the student can
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mfluence the learning resource. Interactivity level promotes opportunities to interact
with learning resource in different ways. Moreover, interactivity level indicates the degree
to which the learning resource can respond to the actions and input of the user (Friesen,
Fisher & Roberts 2004). It has a value space range from very low to very high. The
learning activity in very low interactivity level relates to passive activities with less
response from user, such as reading an essay or answering test questions. Whereas the
very high interactivity level value often relates to active response from user, such as a 3D

simulation environment that needs the user to do a series of steps.

Interest. Interest is an indication of a learner being more attracted to a particular
learning topic than others. This allows adaptive systems to make lessons that match with
the learner’s mterest. To represent user interest, some authors suggest the keywords-
level model and concept-level model (Brusilovsky & Millan 2007). The keyword-level
model uses weighed vector of keywords to filter and retrieve the learning materials that
are relevant to the keyword. In contrast to this approach, a concept-level model uses a

weighted overlay of concept-level domain model to represent user interests.

Learning Motivation. Learning motivation 1s defined as the desire or the
willingness to make an effort towards a specific learning goal (Popescu 2009). Learning
motivation 1s often classified as a system-related characteristic because it intensely
depends on the learning goal. The learning goal itself 1s system-dependent and can be

affected by the presentation of learning contents.

Location. Location is the representation of the place or position where the learner
can be located. The location could be located automatically using position measurement
from GPS or cellular ID (Economides 2009). However, most of them are usually
selected manually by users according to the type of settings like a classroom, library,
laboratory, home, outdoor, train, or bus (Lee & Lee 2012). Some works allow learners
to create mitial settings which consist of context attributes, such as location, time and

date (Miiller & Kohlhase 2009; Pernas et al. 2012).

Preference. Preferences are the learning features that relate to likes and dislikes,
i term of interfaces, services, or resources. Preferences such as font type, size, and other
parameters are assoclated with the mterface (Chen, Chang & Wang 2008; Lamia &
Tayeb 2013). The variables relate to device communication, hardware, and software

which are associated with the service (Abech et al. 2016; Benlamri & Zhang 2014).
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Furthermore, the preferred type of courses or instructional model can be associated with
resources (Gomez et al. 2014). Different methods have been proposed to gather learning
preferences from system. Ouf et al. (2017) suggest using questionnaires for collecting
learner preferences. This method provides real-time information without any need for
further processing. Moreover, this method 1s similar to Lamia & Tayeb (2013), which
provides checklists for users to select preferred interface elements. After the preferences
are determined, the system applies adaptation in the new contexts. The preference can

also be defined as an ordered list of values, which indicate their likes and dislikes (Chen,

Chang & Wang 2008).

Presentation. Presentation 1s described as the technical datatype or media type of
the learning resource that 1s intended for presentation to the user. The mformation on
presentation can be used to identify the hardware and software needed to access the
resources. The type of presentation may take several multimedia forms, such as text,
picture, video, audio, application, animation, or hypertext (Dogan & Dikbiyik 2016; Jun-
Ming et al. 2006; Lamia & Tayeb 2013; Pena Ayala 2010).

Time. In adaptive e-learning, time could represent the plan of activity (Muller &
Kohlhase 2009; Shi et al. 2013), duration spent on studying (Jeremi¢, Jovanovi¢ &
Gasevi¢ 2012; Limongelli et al. 2009), or indicate the date of learning (Chen, Chang &
Wang 2008; Verginis et al. 2011). Similar with location, time context is often used in

conjunction with another context, either schedule, place, or motivation (Verbert et al.

2012).

4.3 Chapter Summary

This chapter has discussed the development of a learner model for AES. The first
section presented the overview and taxonomy of the learner model from a historical
perspective. Then, we synthesised the learner model by mvestigating notable literature
i journals from 2005-2017. The learner models in each study are extracted and
reconciled according to three components: user profile, user knowledge and system

related characteristics.

The next chapter focusses on the construction of the intelligent module that will

guide the adaptation of the learning process. The chapter discusses the overview of
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technological methodology to support adaptive e-learning systems throughout
mcremental knowledge acquisition ripple down rules (which was also described n
Chapter 2). The development methodology 1s presented along with the dynamic
evaluation for knowledge-based systems. The dynamic evaluation allows a KBS to be
evaluated quickly during the knowledge acquisition process. Through ripple-down rules,
the knowledge base will be constructed incrementally. Further, the extension monitoring
module will analyse and evaluate the adequacy of the knowledge base. The methodology

will be deployed applying the model synthesized in this chapter.
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5 DYNAMIC EVALUATION METHOD FOR
RDR KNOWLEDGE-BASED SYSTEM

Chapter 4 has 1dentified a learner model to enable the representation of
requirements of adaptive learning. The proposed model represents properties of the
user I AES. This also provides key attributes for test cases to validate the architecture
and the knowledge monitoring approach. These two will be the focus of this chapter
which essentially presents the design of the KBS with incremental knowledge acquisition
RDR and the extension monitoring module for analysing the adequacy of the knowledge
base. The mcremental development itself has these two requirements: First, the system
should guide the expert knowledge in focussing on the articulation and the structuring
of the knowledge as they are prompted with a new context. To ensure that the knowledge
addition process 1s tractable, rules will only be added rather deleted or modified. The
msertion points will be automatically identified from errors that are found during the
knowledge acquisition process. The role of the expert will be restricted to creating new
rules. This mechanism 1s essentially the strategy of RDR knowledge base maintenance.
The second requirement is that the system should facilitate the monitoring of the
knowledge acquisition process. This 1s a key contribution of this thesis to the knowledge
acquisition community. A monitoring module 1s added to calculate statistical analysis on
the fly during the knowledge acquisition process. The monitoring module will present
the performance of the KB for further analysis as the knowledge base 1s developed. As
this 1s a key conceptual contribution of the thesis, the chapter 1s heavily concerned with
the readiness of the knowledge base. It describes how the dynamic evaluation framework

can be applied to RDR KB development.

The remainder of this chapter 1s organised as follows. Section 5.1 presents the
philosophical background of the validation process of knowledge-based systems. The
proposed dynamic evaluation methodology 1s then discussed mn Section 5.2. The
architecture design of a prototype for AES 1s introduced in Section 5.3. Finally, the

summary of work in this chapter 1s presented in Section 5.4.



5.1 The Dynamic Evaluation (DE) Framework

Our framework 1s based on the dynamic evaluation approach as introduced by
(Beydoun & Hoffmann 2013). The dynamic evaluation focuses on validating the KBS
without separating the development and testing phases. The DE relies on the availability
of the test cases and works well with the manually constructed knowledge base, such as
RDR. Since RDR uses the incremental knowledge acquisition process to build rules, the
DE works by monitoring each case entered into the system. Statistical analysis 1s utilised
to estimate the error level of the developed KB with a certain degree of confidence. In
particular, the estimation of binomial proportion is applied to determine the probability
of correct cases that fall into the context of a particular rule in a sequence of test cases.
Furthermore, the monitoring process of KBS 1s presented from the beginning of the
iference. That 1s when the first rules are created until the expected performance has
been reached. Thus, this approach 1s classified as ‘dynamic’ by nature because the
stopping validation will differ between conditions of the KB. It is determined ‘on the fly’

as the knowledge base 1s developed.

There are two reasons for using the dynamic evaluation approach in this study.
First, the knowledge base 1s never complete due to changes and new discoveries being
made at any time (Ramadan et al. 1998). There would always be new rules that would
have to be added. Thus, we believe that knowledge base should include sufficient
knowledge and all the necessary knowledge domains to answer a given case. Second, the
process of developing a knowledge base often requires a separate testing phase from the
system’s development because of the difference n nature. The dynamic evaluation
approach merges the design, implementation, and maintenance phases to ensure that
the KB already has enough knowledge to deliver and to be ready to use immediately.
Dynamic evaluation advocates statistical monitoring to gauge the expertise quality and

suitability of domain of the knowledge base.

Phase 1: Phase 2: Phase 3:
Construction of the Evaluation of the Test Analysis of the
Test Cases Cases Evaluation

Figure 5.1 Dynamic Evaluation Framework

96



As shown m Figure 5.1 above, we proposed a three-phase strategy for DE
framework with the mitial step as modelling the domain of the knowledge. The brief

description of the phases are as follows:

1) The first phase incorporates data stream creation for knowledge evaluation. The
knowledge representation 1s vital in the evaluation process of the KB. Test case data
provided should represent the domain to be tested. Therefore, the test cases creation
should be selected based on the criteria that represent the real cases that will be faced

by the system.

2) The second phase of validation concerns with testing every input of the test case,
created from the previous phase of the system. If the test case 1s proven to be
possible in the real world, the KB should work correctly and guarantee that the result

1s valid.

3) The third phase evaluates the testing result by monitoring the statistical data of
knowledge acquisition with the iterative testing phase. Statistical monitoring 1s built
to estimate the coverage, error, and predictivity for the KBS being validated.
Furthermore, the results of this validation method are monitored and measured by
analysing the effectiveness of the KB. The second and third phases will be executed
iteratively until a stopping condition 1s met. The stopping condition 1s determined
by the accuracy level sought. The final decision of this process will conclude the
results and stop performing validation. Summary of the validation would indicate
when the knowledge acquisition must be terminated with the decision being the

acceptance or rejection of the knowledge base.

The next subsections describe further details of purposes and specific tasks or activities

of each phase that should be followed.

5.1.1 Phase 1: Construction of the Test Cases

The main aim of Phase 1 1s to provide a set of test cases for evaluation. A test case
1s a set of test data combinations that consists of inputs, executions conditions, and
expected outputs (IEEE 2005). Test case creation 1s difficult and expensive in practice.

Hence 1t 1s necessary to set the selection criteria vigorously to minimise the refinement.
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During the evaluation, it 1s not possible to perform thorough testing, where all input
parameters will be tested. Therefore, the availability of the test cases is essential in

dynamic evaluation approach.

5.1.1.1 Test Case Extraction and Format

The first step towards formalising the test case construction 1s to extract them from
the domain knowledge and present them according to the required format. The format

of the test cases in DE has the following five variables:

1. Test Case ID: the number of the test case, starting from one and increasing by

one every test case.
2. Input Variables: the parameters and values of input of the test case.
3. Expected Output: the expected output defined by the expert for every test case.

4. System Output: the actual output from the system after executing the test case.

“n

Description: A comment or description of the test case.

Each state of the input variable has an answer (expected output) defined by the
expert. These answers will be compared to the actual output from the system. The
expert might have noted some judgement or further comments in the description. The
mput variables are generated from the domain model, which represents the parameters
and each possible value. As an example, Colace, De Santo & Greco (2014) suggested a
user model of adaptive learning with five characteristics, as shown in the following Table

5.1.

Table 5.1 Example of Parameters and Values

Parameters Values
Type of media Video, Audio, Text
Interactivity level Perception, Input, Processing, Understanding
Bandwidth Low, High
Difficulty level Easy, Medium, Difficult
Time of study 10m, 20m, 30m

The above parameters and values can be extracted into mput variables. These

attributes will be the primary input variables, which consists of attribute names and their
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value, which describes a learner. As illustrated in Table 5.2, each of the mput variables
has an expected answer. This 1s the lesson name defined by an expert that should be
given to the learner in a particular situation. When evaluating the test cases, each input
gets an actual answer given by the system. So, every test case reflects a learner and the
knowledge that should be allocated in such a situation. The procedure to generate test

cases will be discussed in the following sections.

Table 5.2 An example of test case extraction from ALS

CaT:eStID Input Variables Eg%‘:;tid %y:::l;rt] Description

1 Type of media: Video; Interactivity level: | Lesson 1 | Lesson 2 | Rule
Perception; Bandwidth: High; Difficulty created
level: Medium; Time of study: 10m

2 Type of media: Video; Interactivity level: | Lesson5 | Lesson5 | -
Input; Bandwidth: Low; Difficulty level: Easy;
Time of study: 20m

3 Type of media: Text; Interactivity level: | Lesson 7 | Lesson 6 | Rule
Understanding; Bandwidth: High; Difficulty created
level: Medium; Time of study: 30m

5.1.1.2 Test Case Generation

There are several strategies available for generating test cases. However, DE works
by monitoring the knowledge acquisition process, not by evaluating a certain number of
test cases. Therefore, DE requires optimum data that represents the correct test case
and real coverage of the domain knowledge. To make it practical, the requirements for
the test cases are coverage and a minimum number of test cases. For that reason, a
pairwise testing method 1s utilised to compromise between requirements. Pairwise
testing 1s an approach to combinatorial testing problems (Czerwonka 2006; Sanchez
2016). This approach includes 1dentifying parameters that define the possible space of
test scenarios, then selectively choosing test cases to cover all the pairwise between
parameters and their values. Pairwise testing will cover all possible pairs of parameter
values by at least one test case (Kuhn, Kacker & Le1 2013). The goal of pairwise testing
1s to seek for the minimum set of a valid test cases with a significant test coverage. It will

provide excellent coverage, and the number of test cases will remain manageable.

In this process, each pair (or t-wise) interaction will occur at least in one test case,
but it may occur in more than one test case. The pairwise process creates a tabular

representation of the system’s parameters. There should be at least one test case per
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row, where each row represents the combinations of values for each parameter. For
example, given three parameters from data in Table 5.2: Type of media (A), Interactivity
level (B), and Bandwidth (C). The structure of pairwise generation is set up to slots AB,
AC, and BC. Each of these slots corresponds to possible value combinations, such as
for AB={Video-Perception, Video-Input, Video-Processing, ... , Text-Understanding} or
AC={Video-Low, Video-High, Audio-Low, ... , Text-High}.

Each slot can be marked as covered, uncovered, or excluded. Covered means the
algorithm produces a test case that satisfies a specific combination, and vice versa, for
the uncovered. Fxcluded means that the slots are removed from combination to be
covered. The generation algorithm 1s a greedy heuristic. It builds one test case and
terminates 1f no more covered slots found. This process ensures that the result will have
more coverage within fewer test cases. It also reduces the combinatorial explosion that
can occur when attempting to test a system with many mput options, as 1s the case n this
research. Even compared with the exhaustive test data sets, pairwise testing generates a
smaller test case. Therefore, pairwise testing 1s a suitable approach when the processing

mvolves interaction between parameters (Kuhn, Kacker & Lei 2013).

In this research, pairwise testing 1s applied with an excel-based test generation tool
called PictMaster (Software 2016). As the name implies, the tool overlays PICT with an
excel mterface (Czerwonka 2006). PICT 1s a free application that generates combination
testing based on command prompt. PictMaster 1s provided as a free software and as an
open-source tool. PictMaster requires several steps to generate the test case, which are

described as follows:

Step 1: Input Parameters and Value Hierarchy

The first step requests the user to enter parameters and value hierarchy.
Parameters contain names of attributes in a data model. Each parameter consists of a
finite number of possible values. The value hierarchy 1s separated by commas (,) and
can be modelled as aliasing (by symbol |). Aliasing is a way of specifying multiple names
for a single value. This mechanism treats multiple values as one entity. It works by
rotating the value’s name among the case and reducing the combinatorial complexity of
the model. Figure 5.2 illustrates the parameters and value hierarchy from the data in

Table 5.1. This example consists of 5 parameters and 15 values. However, the Video
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and Audio are aliased and counted as one entity. So, Video and Audio will be rotated

among the test cases.

Parameters | value hierarchy | @ IWATSU System & Software Co., Ltd.
Type of media Video | Audio, Text
Interactivity level Perception, Input, Processing, Understanding
Bandwidth Low, High
Difficulty level Easy, Medium, Difficult
Time of study 10m, 20m, 30m

Figure 5.2 Example of parameters and value hierarchy

Step 2: Input Constraints Table

Constraints allow users to lmit the domain by specifying the unwanted
combination of parameters and values. By this mechanism, the unwanted combinations
can be excluded from the result, leaving the required combinations only. As an example,
one pair that will occur at least in one test case 1s the pair of Video (Type of media) and
Low (Bandwidth). In reality, this combination is unlikely as the media format Video will
need High bandwidth. These violating test cases could not simply be removed from the
result as they might cover other possible valid pairs. Instead of losing valid pairs, the
pairwise testing method eliminates disallowed combinations through constraint
mechanisms. PictMaster uses /fand 7hen relations to express constraint conditions and
targets. /f constraint condition is specified, 7hen constraint target will be generated. The

I's

constraint expression applied for the model 1s shown i Figure 5.3

Congtraints table
Parameters Constraint 1 Conhztraint 2 Constraint 3

Type of media Video

Interactivity level

Bandwidth High

Difficulty level

Time of study

Figure 5.3 Constraint Table
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Step 3: Configure the Settings

As shown n Figure 5.4, the Settings menu has all information related to the test
configurations. In this model, we select the “ Use constraints table” to apply constraints
to the test case. “Optimize constraint expression” allows PictMaster to optimise the
constraint expressions that are generated from the constraints table. It means that if the
system determined that it will take a long time to generate test cases due to the
mappropriate constraints, the format of constraints would be optimised automatically to
complete the generation in less time. “Show statistical mformation” will display
mformation related to the frequency of generation, a number of test cases, and time to
complete the test case generation once the process finishes. “Show coverage” displays
the combination coverage proportion which has been created during the test case
generation. In this model, we use specific 4-way coverage with 90% values to ensure that
output test case will cover 909% of the domain. The generation process will be repeated

five times to ensure that the output of the test cases has the desired test coverage.

Settings l_J&
. . Build
| iEnable auto edit: Mumber of combined parameters 3
(" Generate a minimized numkber of test cases
[¥ Use constraints table [v Optimize constraint expression
Murnber of generations 5
[ Use expected results table [ Without zero suppression )
(" Generate with the default seed
[~ Use sub-models v istical i i
[+ Show statistical information D Eorerle vl G e ceed
M [¥ Show coverage Seed 35708
[ Al h i
r HIERSS SITE) SERIESS @ Gererate with specified coverage
[ Show model file Split window shortout key Ay GRS ,W ]
CTL e
Mumber of 5

o |

Figure 5.4 Settings Menu

Step 4: Build the Test Cases

By clicking the “Build” button, the tool will start the generation process confirming
the indicated parameters, values hierarchy, and constraint conditions. After the process
has finished, the system displays statistical Information to the user. As shown in Figure

5.5, the tool produced 71 test cases with five repetitions. This included 100% 3-way
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coverage and 90.19% 4-way coverage. The overall process took 20 seconds to gather the

results.

Statistical information @

g 1 MNumber of repetitions : 5

Murmnber of test cases: 71
Optimize constraint expression : False

3-way coverage : 1000 [%]
4-way coverage : 90.1 [%5]

Elapsed time : 00:00:20

Figure 5.5 Statistical information of the generated mput

After we click Ok, the system will show the list of the generated test cases in an
excel file. The last step 1s completing the result according to the format in Table 5.2,
which appends three fields: Expected Output, System Output, and Description. The

final test cases are shown in Figure 5.6.

B | g | o | E 1
npuiianables Expected Output System Output Description
Type of media Interactivity level Bandwidth Difficulty level Time of study
1|Text Understanding High Medium 20m Lesson 1
2|Text Processing High Medium 10m Lesson 2
3|Video Input High Medium 10m Lesson 3
4|Text Perception Low Medium 30m Lesson 4
5|Audio Understanding High Medium 20m Lesson 5
6|Text Processing Low Easy 30m Lesson 6
7|Text Processing Low Difficult 30m Lesson 7
3|Text Perception Low Difficult 10m Lesson 1
9|Text Perception Low Easy 10m Lesson 1
10|Video Processing High Medium 20m Lesson 2
11|Text Understanding Low Difficult 30m Lesson 3
12|Text Input Low Medium 20m Lesson 4
13|Text Input Low Difficult 10m Lesson 5
14|Audio Understanding High Difficult 10m Lesson 7
15|Text Input High Easy 20m Lesson 4
16|Text Input Low Medium 30m Lesson 5
17|Text Processing Low Difficult 20m Lesson 6
18|Text Understanding Low Difficult 10m Lesson 7
19|Text Understanding Low Easy 30m Lesson 1
20|Video Processing High Difficult 30m Lesson 2

Figure 5.6 List of the test cases

5.1.2 Phase 2: Evaluation of the Test Cases

Phase 2 focuses on the development of the knowledge base by evaluating the

created test cases. In this phase, the information of the learner model captured from the
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previous phase 1s gathered and transferred into the further mechanism. Acquiring
knowledge often becomes a bottleneck since the task 1s difficult and time-consuming.
However, acquiring knowledge from the presented case into a structured model 1s
crucial during knowledge base construction. This process translates the presentation of
procedural knowledge mto deep knowledge, that has meaningful knowledge related to
the domain. The educational expert 1s mvolved m coping with the problem when
understanding the principle or relationship between the presented case and the problem

domain.

An incremental knowledge acquisition approach using single classification RDR
was selected for its rehability in building a knowledge base. Different from other AES
that need all adaptation rules to be defined first, our tool does not need to model or
define the adaptation rules at once. All rules are built incrementally by extracting
conditions from the presented cases when experts find an error. This error correcting
process 1s particularly useful in maintaining the KB as this will keep only vahd rules to
be stored in the KB. The knowledge acquisition process for constructing a knowledge

base 1s shown in Figure 5.7.
The knowledge acquisition process has the following steps:

1) The first step 1s to present a learning case to a knowledge base.

2) The mference mechanism begins for the presented case. Then, the system provides
a conclusion for the presented case.

3) If the expert agrees with the conclusion, the process finishes.

4) 1If the expert disagrees with the conclusion, a refinement rule 1s added to correct that
conclusion. The corrected mechanism begins with the expert selecting the expected
conclusion. Then, the expert must provide the conditions for the new rule. The
system stores the conditions and conclusions as a new rule. The case that causes rule

addition 1s also stored for reference as a cornerstone case.
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Present Case to Knowledge Base

v

Knowledge Base Interprets Case and
Outputs the Conclusion Associated with the
Executed Node

Interpretation No

Correct?

\J
Add MNew Node to the Knowledge Base

v

Expert provides new conclusion to be
associated with new node

Yes

Y

Expert provides condition to differentiate
between the presented case and executed
node

Y

Expert Approves Interpretation -

Figure 5.7 Knowledge acquisition process for constructing KB

In RDR, the first inference starts when the first rule 1s added into the KB. This
first rule 1s called the “default rule” and has a default conclusion that will satisty all cases.
Then, when the first case 1s entered into the KB, it is evaluated against the first rule. The
system gives a tentative conclusion to an expert. To illustrate the inference mechanism,
a real example of the cases and the process to construct a knowledge base 1s presented

in the following:

1) The process begins with a default rule (R0) in the KB. An RDR structure always has
a default rule as a root node, which 1s always true. The default rule 1s used to give a
solution to any presented condition. When the conclusion from the default rule 1s
not acceptable, the expert needs to provide a new conclusion and refine the
condition for the new context. The new rule will be stored as a false link of the first
node of the default node. As illustrated in Figure 5.8, the default rule has no

condition, which means any attributes will always be true and have the default



2)

3)

answer. The default conclusion for RO 1s the introduction chapter: ‘ Message to the

Student .

RO

Condition: null

Conclusion: 0. Welcome to Student

Figure 5.8 An empty RDR Knowledge Base with a default rule

Figure 5.9 illustrates four learning cases which are presented to the system. First,
Case 1 1s evaluated against the KB, which only has a default rule. Because the default
rule always gives a conclusion, the ‘Message to the Student 1s obtained as the
temporary conclusion. If the expert agrees with the conclusion, then the inference
process finishes. However, the expected conclusion from the system 1s different
from the actual conclusion. Thus, the expert provides a new conclusion for Case 1
and selects the features for the context of Case 1. For instance, the expert decides
that the conclusion i1s ‘7.2, 1. ICMP’, because learner has only /4 minutes to learn
i outdoor space and has study concept ‘7. 1. IPv4 Network Addresses .

Both conditions and conclusions are stored as a child node of RO. Therefore, the
KB has two nodes now, which are RO and R1 (Figure 5.10). All information in Case
1 1s also stored as a cornerstone case for R1 since it causes R1 to be created in the

KB. This information 1s useful for the next inference process.

The next case, Case 2, encounters the same process of inference as Case 1. Firstly,
Case 2 1s evaluated against RO and the condition 1s always true. Then, Case 2 follows
the exception path and 1s evaluated against R1. As the rule R1 fires, the condition of
Case 2 1ss compared to the condition of R1. It turns out that both Case 2 and R1
have a similar condition 1n ‘ 7Zme: 15 m’ and ‘ Location: Outdoor. Therefore, the
system provides the conclusion “7.2. 1. ICMP’ to the expert. The expert agrees with

the conclusion and the process 1s halted.
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ATTRIBUTES )
K

Case 1

I I Case 2

I Case 3

H Case 4

(...

Background Programming
Competence : [T Certification

Course : Information Technology

Experience : Placements

Skill | Mathematical Skills

Cognitive Style : Field Dependence

Learning Style Diverging §Assimilating Diverging i Diverging

Personality : Conscientiousness + Neurocritism : Conscientiousness 1 Conscientiousness
Interactivity iLow iMedium EMedium iMedium
Interest : Concepts + Network Operation : Network Access i Network Operation H
Preference : Cognitive capabiliies i Practical capabilities ! Practical capabilities : Cognitive capabilities i
Presentation : Text  Application :  Text :
Difficulty Level : Easy { Medium i High
Domain Concept : 5. Ethemet + 1. Exploring the Network . Exploring the Network i 2. Configuring a Network.. :
Knowledge Level : Intermediate + Expert ! Intermediate i Intermediate :
Learning Performance : Medium ‘ Low i High i Medium :

+ Web Technology

i non-IT Certification

¢ Information Technology
i No experience

+ Mathematical Skills
i Field Independence

N

Web Technology

i No certification

* Information Technology
! Placements

: Logical Thinking
! Field Dependence

Computer Networking

i No certification

 Information Technology

i Graduate Certificate/Diploma

i Critical Thinking
! Field Independence

Qualification Diploma + Bachelor i Work Experience H
Bandwidth : Low i High i Low :
Device : Smartphone i Tablet iPC :

Emotion : Happiness  Pride ! Elation i
Learning Motivation : Unmotivated i Average i Average
Location : Outdoor + Outdoor i Home H

Time : 15m t15m : 130m H

Goal : Complete a Lesson i Complete a Lesson : Perform Assignment  Perform Assignment :
Instructional Plan : Lecture ! Assessment i Lecture ! Simulation H
Learning Activity : Review i Study i Review i Study
Objective : Manage basic components.. : Describe the networking.. : Describe the networking.. ! Designing and implementing..

Prior Knowledge ‘ 7.1. IPv4 Network Addresses * 6.1. Network Layer Protocols * 2.3. Address Schemes * 3.3. Moving Data in the Network

EXPECTED 7.2.1.ICMP 7.2.1.ICMP 4.1.2. Layer2 Frame Structure 4.2.3. LAN Topologies
Figure 5.9 Sample of learning case scenario
RO R1
" Except .
Condition: null »  Condition: 15m, Outdoor, 7.1. IPv4..

Conclusion: 7.2.1. ICMP

Conclusion: 0. Welcome to Student

Figure 5.10 KB with two nodes

4) In the same way, Case 3 is evaluated against RO and R1. Since the condition in R1
1s false, a new rule 1s added as a false node for R1. The expert offers a new conclusion
‘“4.1.2. Layer 2 Frame Structures’ because of the condition ’49m, Library, 0.1.
Network Layer Protocols in Case 3. These conditions and conclusion are stored as

R2 (Figure 5.11). Case 3 itself 1s stored as the cornerstone for R2.
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RO

Condition: null

R1

Except

Conclusion: 0. Welcome to Student

\ 4

Condition: 15m, Outdoor, 7.1. IPv4..

Conclusion: 7.2.1. ICMP

If not

R2
\ 4
Condition: 45m, Library, 2.3. Address..

Conclusion: 4.1.2. Layer2 Frame Str..

Figure 5.11 KB with three nodes

5) The last case, Case 4, 1s presented to the KB. After evaluating this case against the

KB, the condition is found to be false against R1 and R2. Thus, a new rule is needed

to handle Case 4. This rule 1s added as a false branch of R2. In the same process,

the expert provides a new conclusion and conditions for Case 4 (Figure 5.12). The

case 4 1s also stored as a cornerstone case for R3.

RO

Condition: null

R1

Except

Conclusion: 0. Welcome to Student

Condition: 15m, Outdoor, 7.1. IPv4..
Conclusion: 7.2.1. ICMP

\ 4

If not

- v
Condition: 45m, Library, 2.3. Address..

Conclusion: 4.1.2. Layer2 Frame Str..

If not

R3

A 4
Condition: 30m, Home, 3.3. Moving..

Conclusion: 4.2.3. LAN Topologies

Figure 5.12 Final tree with four nodes

Although the inference mechanism seems simple, the rule refinement i1s

mdescribably complex. The case 1s processed sequentially with the correct classification

from an expert. Minimal effort i1s needed to provide the criteria by an expert, as an expert
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only needs to compare the presented case with the rule being fired. Once the decision
1s made, the system adds the case to the refinement path and this process cannot be
undone at a later stage. However, this knowledge 1s valid for the whole set of observed
cases. If the KB sees a new case that was never presented before, then an adaptation 1s
made by selecting the closest matching rule with the presented case. This approach
provides an example of an adaptation mechanism which could be implemented in the

e-learning domain.

5.1.3 Phase 3: Analysis of the Evaluation

Phase 3 1s mainly the analysis of the developed knowledge base of the model and
test cases. Statistical analysis 1s performed to predict the possibility of errors from the
knowledge base (Beydoun & Hoffmann 2013). It also provides a measurement of KB
readiness by an indication of how deeply the knowledge base was tested and how
effective the test cases have been. This process facilitates the experts so that during the
knowledge acquisition process, they can estimate the effectiveness of the developed
knowledge base. Additionally, it helps management or executives in that it does not take
long to determine the profit and loss, and hence it does not take a long time to determine
whether this KB will continue to be used or not. There are at least two categories of
parameters required to implement this dynamic evaluation. These are, evaluating the
coverage and evaluating the predictivity. This approach can be realised by the following

steps:
Step 1: Collects the base datasets

While the process of the knowledge acquisition is undertaken, the monitoring
module 1s started to collect records from every single transaction. A record 1s a group of
data which contains one item of information related to a cycle of KA process. In specific,

the system collects the following features:

a) Cases (n). This variable indicates the number of test cases in the system. The value
of cases (n) increases each time a case 1s entered into the system, whether the result
of the interpretation 1s successful or unsuccesstul.

b) Correct cases (¢). This variable counts the cases that are correctly classified by the

rules 1n the KB. This variable 1s different from the number of true branches
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Case
Result
Rule
Gap

(exceptional branch) in the KB, but it shows all the cases that are correctly classified
by all rules in the KB. It means that when the expert 1s satishied with the system’s

output, the case will be saved mn the Correct cases.

Incorrect cases (f). In contrast with Correct cases, the Incorrect cases variable shows
the number of cases that are incorrectly classified by the rules. When the expert
mputs a case and disagrees with the system’s output, the KB 1s said to fail. Then, the
expert adds the new rules to handle the wrong conclusion. Meanwhile, the case will
be collected in Incorrect cases. As the RDR uses failure cases to build rules in the

KB, the number of Incorrect cases will be similar to the number of rules.

Rules (r). This variable shows the number of rules available in the KB. The rule that
counts in this variable i1s a rule that i1s created from the result of the knowledge
acquisition process, both in the true branch or the false branch. The rules (r) also

reflects the size of the knowledge base.

Correct Gap (gap). This variable indicates the correct performance in a sequence of
ninstances during the KA process. The gap 1s marked based on the first correct case
until an ncorrect case 1s found. The process 1s repeated when the next correct case
1s found and so forth. Figure 5.13 illustrates the gap in a sequence of 30 cases. The
first gap 1s found between cases 6 to 8 (3 mstances), while the last gap of 5 1s found

between cases 22 to 30 (9 instances).

13[14|15(16| 17|18 | 19| 20|21 | 22|23 |24|25|26| 27| 28| 29| 30
FIF FIF|F|F

RO |R10] R11 R12R13[R14[R15

Ls] L ‘

Figure 5.13 Illustration of Correct Gap

Step 2: Determine the confidence mterval

Confidence mterval measures the uncertainty about a characteristic of distribution

with an estimation that an interval 1s expected to fall. A sample in random sampling does

not provide perfect information about sample population. Therefore, using confidence

mterval one can provide a limit to claim with a specific degree of confidence. For

example, a 90% confidence mterval for a parameter 8 means: “If one repeatedly

calculates such intervals, 909% of the intervals would include the actual value 8.” In this
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statistical analysis, the N% confidence interval 1s derived to estimate the coverage (r).
The constant Zx given in Table 5.3 defines the width of the smallest interval about the
mean that includes two-sided N% of the total probability mass under the bell-shaped
curve in a Normal distribution. In this approach, the confidence mterval 1s one-sided
and upper bound only. Thus, the user needs to decide the desired confidence level for

estimating the coverage of r.

Table 5.3 Values of Zx for two-sided N9% confidence intervals

Confidence level N% 80% 90% 95% 98% 99%
Constant Zn 1.28 1.64 1.96 2.33 2.58

Step 3: Processing the statistical datasets

Statistical attributes associate with each instance of time, a test or knowledge
acquisition process. The value of each statistical attributes 1s obtained when testing the
system. Statistical attributes are calculated computationally during the KA process.
Based on the results of Step 1 and confidence interval in Step 2, the system calculates
and presents mmportant relationships such as coverage, potential error, standard

deviation, predictivity.

a) Coverage (Q). This variable 1s used to determine the impact of the rules within the
set of the knowledge base. The coverage plays an important role in measuring the
effect of adding new rules on the cases of the knowledge base. The ratio of the
correctly classified cases with total cases in the KB 1s used to estimate the coverage

value. That 1s:

correct cases (t)

cases (n)

In our case, only the upper bound of coverage (1) in the single sided interval of
statistical theory is used. Thus, we could estimate the coverage of rwith the ratio of
Q and the width of smallest interval 2 that include A% confidence interval of the

probability mass under the bell curve normal distribution. That 1s:

Coverage(r) =Q + Zy (]T-Q)

b) Potential error of the KB (Lk). This variable reflects the level of potential error of
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the knowledge base. It 1s a measure of how likely the rules in the KB provide errors
during the knowledge acquisition process. Note that the value of potential error does
not reflect the true error of the knowledge base. However, it reflects the likelihood
that an error will exceed the upper bound of the distribution. Thus, two components
need to be considered when calculating the potential error of the KB. These are, the
error due to the addition of new rule rin the KB (£) and the error for the whole

KB without the new rule r (£:9). Hence, the formula for Error of the KB (£kB5) 1s:
Exp=E-+E

Given an upper bound o, with n correctly classified test cases, and mr correctly

classified cases by the last rule r. The estimations of Frand Er2respectively, are:

E.=1-"V5
Er2=1'”-m%

Predictivity (P). Predictivity gives an indication of the effectiveness of the rule, that
1s, the fraction of cases that are evaluated by the rule in the KB. In other words, it 1s
a measure of how valid the knowledge base mn the system 1s, as a result of the
classification process. The final goal of predictivity 1s to evaluate the success of the
knowledge acquisition process. The lower this predictivity 1s, the lower 1s the quality
of the expertise. If the predictivity 1s high, then the expertise 1s said to be more
effective. The error of the KB 1s used to obtain the value of the Predictivity (r) as

follows:

Predictivity(P) = 1 - E,

5.2 Architecture of the Knowledge-Based System

This section describes the architecture of the knowledge-based system; to put into

practice the proposed solution. This KBS 1s named INCALS: INCremental-based

Adaptive e-learning system. INCAES 1s implemented as a three-tier model that provides

three levels of services: user layer, application layer, and data layer. The first user layer

provides interaction through the web browser and at the same time forwards the request

to the application layer. The system distinguishes two user modes of operation: learner
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and expert. The learner mode only interacts with the learning material related to a
specific course that i1s presented by the system. The expert mode can access all
components in the application layer, mcluding course creation and knowledge
acquisition mode for creating rules. The actions of the user with the interface are passed
to the application layer. The purpose of the application layer is to process the requests,
commands, makes logical decisions, and perform a calculation. It also serves as a bridge
that moves the data between the user layer and the storage layer. Besides, the application
layer contains four mam components: cases module, data model, e-learning, and
monitoring. After the application layer processes the request, it sends the response back
to the user layer and presents it to the user. For example, when a learner enters the
learning case from a web browser, the application layer retrieves and proposes a most
appropriate learning lesson from the knowledge base using adaptation rules in data layer.
The overall architecture of INCAES is illustrated in Figure 5.14. It shows a connection
between the user layer, application layer, and the data layer. The details of each

component are discussed in the following sections.
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Figure 5.14 INCAES Architecture
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The method for producing learning content recommendations consists of two
main mechanisms: (1) examine presented case, which represents the student attributes
during learning activity; and (2) knowledge acquisition process that will inspect the
presented case and compare it with the rule in the knowledge base. The case 1s a
perception of the student that interacts with the system. A case consists of a condition
and a conclusion. Hence, a condition contains several attributes of the learner and their
respective values. The cases module 1s the component that processes these two
mechanisms from retrieving the presented case to the knowledge acquisition process
and storing the rule in the KB. The cases module ensures compliance of the input by
retrieving attributes and values of learner model from the database. This mechanism
prevents the user from typing random values. Then, the data of cases 1s stored in several
tables, including table case, rule, and feature. Figure 5.15 shows the main tables utilised

by the cases module.

Table_Case

Case_ID (PK)

Table_Rule

Rule_ID

Rule_ID (PK)

Condition
Rule Name

RSl Table_Feature

Parent_ID

. Feature_ID (PK)
Child_ID

Conclusion

Attributes

Justification

Figure 5.15 Table structure for module Cases

As shown n Figure 5.15 above, the table Rule has relations to table Case and
Feature. The table Case stores information regarding condition and clause from the
presented case. The conditions, which contain attributes and values, are stored in an
array format in the table. If the expert disagrees with the conclusion during the KA
process, then this case will be stored as a reference i making the rule. The data related
to rules are stored in the table Rule. Furthermore, the expert should distinguish some

features from the presented case that will be in the difference list for the created rule.
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This feature of difference list 1s stored 1n table Feature.

Furthermore, the data model stores all information related to the learner model
and the structure of the domain knowledge. This module has three tables, including
table Attributes, table Values, and table Qutput. Table Attributes stores all information
about attributes of the learner model. This table will be the primary reference for all
processes that require the learner attribute. Each attribute of learner model has alternate
values that are stored in table Values. The last table, Qutput, saves information related
to lesson learning in e-learning. This information 1s used as the conclusion for the
recommendation case. Figure 5.16 illustrates the sample data values for the table

Attribute.

Table_Attribute

Attribute_ID (PK) q

Attribute_ID | Concept Attribute_Name Attribute_Description

Concept A103 Personal User Characteristic Experience Information related with the working...
A201 Personal User Characteristic Knowledge Level | Represents a record that reflects the...
C304 System-related Characteristic | Format Technical datatype or media type of...

Attribute_Name

Attribute_Description

Figure 5.16 Sample of data values for table Attribute

As the name mmplies, the purpose of the monitoring module is to monitor the
knowledge base changes according to the case entered when an expert is performing a
knowledge acquisition process. INCAES provides two interfaces to monitor the
knowledge base. The first interface 1s the KB Status, which displays brief information
related to all statuses of the knowledge base, for instance, number of cases, rules, most
fired rule, and latest potential error. The second interface is Statistical Information,
which displays the resume of measuring correct gaps from the knowledge acquisition
process. This information 1s collected from the first case entered into the system until
the latest presented case. This information 1s presented in a Table for further analysis

by the expert.



5.8 Chapter Summary

This chapter has presented a methodology which allows integration of
development and evaluation of a KBS. The advantage of this integration 1s to allow a
KBS to be evaluated quickly during the knowledge acquisition process. Both the ripple-
down rules and dynamic evaluation methodology were adapted to construct our KBS
(INCALS) incrementally. At the end of the development phase, the system 1s tested to
build a knowledge base from a series of test cases of adaptive learning. During the
knowledge acquisition process, the system 1s evaluated directly without separating and
iterating the validation activity. This process 1s realised by facilitating a monitoring
module for inspecting the knowledge base. The domain expert can track the knowledge
base development through the monitoring module that calculates a statistical analysis on
the fly during KA. Then, the monitoring module displays performance of the KB for
further analysis. This chapter 1s also concerned with the development of artefacts for

validation and to complete the development of KBS (Section 5.3).

In the next chapter, the first evaluation in adaptive e-learning is conducted. It
consists of a development case study in a real subject of adaptive learning, and it uses
test cases from the mitial learner model in Chapter 4. The development case study
consisted of three phases of dynamic evaluation methodology. At the end of the case
study, the mitial knowledge base 1s vahidated. The experimental results are then

presented and discussed for further mvestigation.
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6 CASE STUDY 1: LEARNING CONTENT
ADAPTATION FOR WEB PROGRAMMING
SUBJECT

Chapter 5 has detailed the dynamic evaluation framework, which includes the
design of a KBS using incremental knowledge acquisiion RDR. The prototype of the
KBS is developed to 1dentify the suitable learning resources for the learner. This chapter
deploys the framework in adaptive e-learning. A case study 1s used to evaluate the system.
The learning resource for the case study is based on the Web Programming subject for
the undergraduate student i I'l/CS field. The KBS has stored the learning materials
which 1s tailored with the test case entered into the system. The test case includes a pair
of attributes and values that represent a learner in an adaptive learning environment.
These attributes had been mvestigated and presented in Chapter 4. This chapter aims
to implement the INCAES and investigate the performance of its KB during early
development stage. The evaluation was conducted by monitoring the progress of the
first ten gaps of the knowledge acquisition process. Following the evaluation of the initial
knowledge base, the experiment was proceeded using the rest of the test cases to evaluate

the performance of the KB.

This chapter is divided mto six sections. The first section gives an overview of the
experimental setup, including the purpose, procedure, method, and the scenario to
evaluate the prototype. Section 6.2 presents a detailed description of the domain
knowledge of AES that is domain model, learner model, and instructional model. The
mmplementation of the framework 1s covered in Section 6.3. The realisation follows the
guideline of the dynamic evaluation framework, as discussed in Section 5.2. Following
the implementation, Section 6.4 presents the mamn findings and validation results
obtained from the experiment. The analysis and investigation of the results are discussed

i Section 6.5. Section 6.6 concludes and summarises the chapter.
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6.1 Evaluation Scenario for Case Study 1

According to Design Science Research methodology, evaluating the artefact
should encompass all the dimensions of the developed artefact to guarantee its efficacy
and effectiveness. Therefore, this case study aims to evaluate how effective the proposed
method 1s 1n taking a decision to stop the knowledge base development process and
declare 1t sufhiciently effective. A prototype of RDR KBS 1s built for solving adaptation
1ssues 1 AES. The test case mput 1s generated from the learner model defined in
Chapter 4. In this first case study, the prototype of the KBS 1s designed to deliver
adaptive learning contents in the subject of Web Programming (UTS 2018b). This
subject 1s a core subject for the undergraduate students in Information
Technology/Computer Science (I'T/CS) course. The two academic experts in web
programming and networking are involved not only in guiding the design of the AES but
also providing the knowledge (advising) which the learning activity is recommended n a
given learning environment. The collection of their advising instances become the
knowledge that underpins the adaptive learning supported by the system. The experts
also ensure that the artefact works as mtended to address the adaptation problems 1.e.
they monitor the performance of the system and intervene with new knowledge 1f

required.

The first step of this case study 1s to determine the models of the ALES. The
process begins with defining the subject and then describing the structure of domain
model for the case study. The domamn model organises the learning contents and
learning activity for the students. If AES uses domain model to represent the targets or
the decision for taking the adaptation, INCALES uses this information as the output of
the knowledge base. The /learner model and the mstructional model were described
following the domain model. Learner model represents a user that has several attributes
which will access the educational resources through the system, while instructional
model outlines the rationale behind the adaptation strategy that will be reflected through
the rule set in the knowledge base. This case study follows the learning path adaptation
by providing a number of learning paths that should be followed while learning, by
considering several characteristics of the learner. The design of the learning path in

INCAES will be configured implicitly through the selection rules of the knowledge base.

Following the description of the subject, the prototype of the KBS was designed
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based on incremental knowledge acquisition. The evaluation of the KBS was integrated
mto the development phase. Moreover, the first step in evaluation is preparing the test
cases for validation. The test cases were generated by defining the parameters and values
from the learner model that had been 1dentified previously (Chapter 4). The pairwise
test case model was used to generate the test cases. This method ensures that at least
one possible pair of parameters will be covered n the dataset. The generated test cases
were used according to their sequences. The number of test cases used in the
experiment 1s not specified as the evaluation 1s based on the statistical analysis during
the knowledge acquisition process. The number of the test cases used will be known
after the expected estimation has been reached. Then, the performance of knowledge

base 1s measured by analysing the growth of knowledge acquisition.

This first case study considers the decision to stop testing in the early stage of the
knowledge base development process. However, there 1s no agreement on how early
the testing should be stopped. After examining state of the art on this matter (Caraca-
Valente et al. 1999), some authors proposed the number of test cases between seven to
ten as early stopping for testing or evaluation. For that reason, we considered stopping
testing early after reaching ten gaps in this case study. The results of the testing are
presented and analysed. Further mvestigation 1s performed to determine whether the
performance of the KB is acceptable for the rest of the test cases. Thus, we continue to
examine the next 50 test cases without modifying any rules in the KB. It also provides
greater msight into the effect of an early stop on the accuracy of the KB. The results of
the investigation are presented and discussed to conclude the evaluation of the first case

study.

6.2 Overview of Web Programming Subject

Web Programming is a subject for the undergraduate course in Information
Technology/Computer Science (UTS 2018b). The subject introduces students to
common website technologies and mternet-based programming. The general concept
of internet and foundations of websites are studied as well as techniques for building
websites from basic HI'ML. The subject teaches JavaScript, JQuery, and Ajax to

enhance the mterfaces of web pages. It also introduces a basic understanding of how to
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use XML documents on the web. In the advanced level, the subject explores the use of
PHP as a server-side scripting language and introduces its structure, function, and
variables. PHP works best in managing websites with MySQL as the database server.
Thus, the subject covers MySQL server for backend database. Finally, it teaches a sound
basis of how to use framework, understands its components, and building websites using

framework.

The main topics and structures covered in this subject are shown in Figure 6.1. In
this structure, subject is the highest level of the course. It studies a particular topic within
a course area, for example m this case study i1t 1s Web Programming. A subject 1s
decomposed nto several modules that contain the core 1deas of the subject. Then the
module 1s realised by several chapters. This defines the goals or objectives that the
student must perform. The smallest element of learning 1s a lesson. It represents the
educational content and an activity that must be performed, such as acquiring a concept,
following a tutorial, taking an assignment, etc. The Web Programming subject consist of
6 modules, where each module 1s divided mto 5-7 chapters. Overall the subject has 30

chapters and 76 lessons.

cO e e

I 1.1.1.HTML & C3S Fundamentals

—[ 112 HTML Tools |

.';»{ 1.2. Structure of HTML Document ]
g UL s ©5E IW 1.3. Adding CSS to an HTML Document |
\"[ 14 HTML Lists and Tables |

s Project 1 I

- [ 2. Javascript and Jquery ]

Web Programming [ 3. XML, JSON and Ajax ]

| 4 PHP
b 5. PHP and MySQL
~

1.1. HTML and CSS Fundamentals I

Figure 6.1 Structure of Web Programming Subject

6.2.1 Domain Model

The domain model defines the structure and the hierarchy of content materials.

In AES, domain model provides the guideline for modelling the learning activities and
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learning resources. The structure of the domain model in this case study is represented
i three hierarchical levels of abstraction: learning goal, concepts, and educational
materials. Figure 6.2 illustrates the structure of the domain model in our case study. The
subject distributes the learning goals through six modules. Fach learning goal
corresponds to a topic, which 1s associated with a set of concepts. Fach concept 1s

associated with educational materials consisting of lessons.

Each lesson relates to an educational content that includes a learning activity of
the domain knowledge. Thus, the student learns by interacting and engaging with the
representation of the educational content in the system. As the smallest element of the
domain model, the educational material constitutes multiple representations of the
concept, such as the reading text, multimedia content, tutorial, assessment, exercise,
simulation, or assignment. In this case study, each module 1s organised to comprise a set
of content focus, followed by a reflection. The activity in the content focus mainly 1s the
description or explanation of the concepts through reading text. The reflection consists
of a project and quiz. The project session 1s an activity that supports the learning by
doing activities, such as a simulation, coding practice, or a design activity. Meanwhile,
the quiz session contains a set of question and answer sessions. This activity helps

students 1n reflecting their understanding about the topic.
6.2.2 Learner Model

As mentioned earlier in Chapter 4, learner model describes a user that has several
attributes which will access the educational resource through the system. In AES, the
learner model can be presented using several techniques. These approaches vary from
manually presenting a value for each attribute to automatically identifying the learner’s
behaviour in the system (Brusilovsky & Peylo 2003). In this research, the learner model
1s manually presented and represents the stereotype of learners with their characteristics.
To mterface with the knowledge base, either through training or decision making,
mstances of the learner model are presented as feature vectors consisting of various
attributes with their respective values. As these attributes represent usefulness m a
learning context, during decision making, the system would recommend educational
content based on the matching of learner model instance. The attributes of a learner
had been mvestigated comprehensively in Chapter 4. The results have revealed 28

attributes, which fall under three categories: personal user characteristics, previously
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acquired knowledge, and system-related data user characteristics. The pair of attributes

and values are used as the input for the INCAES.

Subject

Web Programming

Learning Goal
Level
ORO.
ORO,
@ ©
3INpoN

5| 0d 09 69
~BEBIRE
|

Figure 6.2 Structure of the Domain Model

The KBS processes the mput and recommends educational contents for the
students. During the knowledge acquisition process, the expert will provide their mput
on instances of the learner model. During this process, the expert observes the system’s
decision. If the expert disagrees with the output, they need to provide the answer and
determine the attributes for the new rule and store it into the KB. This process is

repeated until the disagreements between the expert and the system become far and few
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i between. Although the recommendations are decided by the rule set of the KB, the

decision strategy 1s reflected by the instructional model as described in the next section.

6.2.3 Instructional Model

The instructional model contains rules and strategies to advise the relevant
concepts or contents for a given learner model. As stated above, the rules are defined
gradually when the test cases are mput into the system. The rules are built incrementally
during the knowledge acquisition process and stored in the knowledge base. If the rules
contain actual notations i the system, the strategies are more like logical notions or
rationale of the adaptation process. Hence, the strategies reflect the theoretical

knowledge or domain expertise of adaptation in AES.

The strategies in instructional model must define how the learner model will
mteract with the domain model. When designing the instructional model, the experts
must remember that students in adaptive learning should be able to select the learning
path they prefer. AES should allow students to learn with their own plan, pace, and
mterest. For that reason, the strategy of adaptation is needed so that learners could
progress well and finish their study. There are several strategies available for designing
mstructional models (Sampson, Karagiannidis & Kinshuk 2002). These are (1) offering
a pre-test or post-test before selecting content; (2) analysing previous concepts or
activities; and (8) suggesting topics based on the learner’s interest. The expert should
remember the final goal of the study to select the preferred strategy. For the first case
study, the goal 1s set to finish learning faster without accessing all of the concepts.
Therefore, there are three strategies i the mstructional model that should be defined
to achieve the goal. These are, (1) the strategy to finish the module; (2) the strategy to
choose the selection of modules; and (8) the strategy to provide the possible learning

paths.

In this case study, the subject of Web Programming that contains six modules, can
be arranged accordingly to create adaptive content. As illustrated in Figure 6.3, the
modules can be classified under three levels of knowledge: Basic, Intermediate, and
Expert. As the name implies, this multilevel structure has prioritisation from

fundamental to advance. Therefore, the modules have been ordered sequentially to help
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students understand the concept gradually. To illustrate the prionty, the module “6.
Frameworks” 1s the last module, and it only can be visited after the student has finished
module “J. PHP and MySQL”. In AES, to progress to module 5, the student must finish
at least module 3 and 1. As a result, module 2 1s optional for students who want to learn
sequentially. If they prefer intermediate or advanced level, they can go directly to module

3. Module 5 can still be visited after finishing module 3 or 4.
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Figure 6.3 Modules Classification based on Knowledge Level

The second strategy that needs to be established 1s the decision to finish a module,
mcluding how and when the learners can move and finish a module. In this case study, the
students can choose the lesson mn any order, however they must study at least two lessons or
review the summary before the module 1s considered completed. For mnstance, Figure
6.4 shows the learning flow in Module 1. The students start learning Module 1 from the
first chapter “/1.1 HTML and CSS Fundamentals’. Then, they can continue in
sequential order to finish the module. Alternatively, they can fimish Module 1 by
selecting recommended lessons in this module. The students do not have to remember
all of the sequences, but the expert would structure this adaptation scenario in the system

through the notions of adaptation rules.
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Figure 6.4 The flow to finish the Module

The last strategy in the mstructional model 1s the strategy to provide the possible
learning paths. As previously stated, the aim of adaptive learning in this case study 1s to
finish learning faster without accessing all modules. Hence, the general strategy to advice
the learning path to finish a module 1s “If the student has finished a module, then check
the last lesson access and their preference of the study.” On that basis, the expert
analysed the case study and suggested 21 possible output spaces for learners if they want
to finish this study. These learning paths are analysed from the structure of the subject

in the domain model (Figure 6.1 and 6.3), along with the learning scenarios of the

mstructional model (Figure 6.4).




Table 6.1 Mapping of mandatory output with the relevant attributes

. Input Variables Expected Output
0]
Domain Concept Goal Interest Lesson Name
1 1. Exploring the | New Start Basic 2.1.1 Javascript
Network Fundamentals
2 1. Exploring the | New Start Intermediate 3.1.1 XML
Network Overview
3 1. Exploring the | New Start Advanced 5.1.1 MySQL
Network Fundamentals
4 1. Exploring the | Complete a Basic | Intermediate | 1.4.1 Lists
Network Module Advanced
5 1. Exploring the | Perform Basic | Intermediate | 1.5.1 HTML and
Network Assignment Advanced CSS Project
6 2. Javascript and | New Start Basic | Intermediate 3.1.1 XML
Jquery Overview
7 2. Javascript and | New Start Advanced 5.1.1 MySQL
Jquery Fundamentals
8 2. Javascript and | Complete a Basic | Intermediate | 2.4.1 Events and
Jquery Module Advanced Event Handling
9 2. Javascript and | Perform Basic | Intermediate | 2.5.1 Tabbed
Jquery Assignment Advanced Form Project
10 | 3. XML, JSON | New Start Basic | Intermediate 4.1.1 PHP
and Ajax Fundamentals
11 | 3. XML, JSON | New Start Advanced 5.1.1 MySQL
and Ajax Fundamentals
12 | 3. XML, JSON | Complete a Basic | Intermediate | 3.4.1 Ajax
and Ajax Module Advanced Overview
13 | 3. XML, JSON | Perform Basic | Intermediate | 3.5.1 Movie
and Ajax Assignment Advanced Select Project
14 | 4. PHP New Start Basic | Intermediate | 5.1.1 MySQL
Advanced Fundamentals
15 | 4. PHP Complete a Basic | Intermediate | 4.4.1 Function
Module Advanced Syntax
16 | 4. PHP Perform Basic | Intermediate | 4.5.1 PHP
Assignment Advanced Project
17 | 5. PHP and | New Start Basic | Intermediate | 6.1.1 What is a
MySQL Advanced Framework
18 | 5. PHP and | Complete a Basic | Intermediate | 5.5.1 MySQLi
MySQL Module Advanced 0O0P
19 | 5. PHP and | Perform Basic | Intermediate | 5.6.1 myTasks
MySQL Assignment Advanced Project
20 | 6. Frameworks Complete a Basic | Intermediate | 6.3.4 CRUD
Module Advanced
21 | 6. Frameworks Perform Basic | Intermediate | 6.4.1Yii Tech
Assignment Advanced Website

Furthermore, information of input variables 1s mapped with possible outputs of

the learnt lessons. The results of the mput variables (attributes and values) and expected

output are illustrated in Table 6.1. It implies that the learner model with the presented

values would have the content recommendation as provided. As shown in Table 6.1,

some values have the vertical bar symbol (|), which is used for aliasing. It is used to
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facilitate the attribute which has the same value or status. As an example, in condition 4,
if the student has taken domain concept 1. Exploring the Network with the goal as
Complete a Module and has Interest in Basic or Intermediate or Advanced, then the
content recommendation for this condition 1s to continue the study with lesson 1.4/
Lists. This information 1s essential, particularly for the generation of test cases which are

discussed 1n the following subsection.

6.3 Implementing Dynamic Evaluation for Web Programming
Subject

This section presents the implementation of the dynamic evaluation framework
as described in Chapter 5. It encompasses three phases: (1) Construction of the Test

Cases; (2) Evaluation of the Test Cases; and (3) Analysis of the Evaluation.

6.3.1 Phase 1: Construction of the Test Cases

In the first phase, the test cases are generated using the pairwise testing method.
As described in Chapter ), test cases are generated by combining the parameters and
values of the learner model. In this case study, with hundred values of attributes, billions
of possible test cases could be generated from this model. Thus, it 1s difficult to test all
of them 1n a reasonable amount of time. Instead of attempting to cover all possible
combinations, we settle on testing all possible pairs of values. Every instance of the
knowledge 1s represented n one test case. Consequently, one test case can cover many
pairs.

The first step in creating test cases 1s to extract values from the domain knowledge.
ALS consists of three models: domain model, learner model, and instructional model.
The imformation from each model will be used n the test cases. As an example, the
mformation of /lesson name from the domain model 1s refined to Expected output and
System output. The information of the learning situation is extracted from the attribute
name of learner model that 1s described in Chapter 4. These attributes will be the
primary input variables, which consists of attribute names and values. However, to

describe the learning situation, more information is needed from the instructional
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model. Figure 6.5 illustrates a test case that consists of Test Case ID, Input Variables,
Expected Output, and System Output. While the input variables contain attributes and
values that describe a learner, the expected output includes the lesson name that should
be given to a student in that situation. The system output is an actual answer given by the
system. This information will be recorded after execution of the test cases. Every test

case reflects a learner and the knowledge that should be allocated in such a situation.

Learner Model Instructional Model Domain Model
A S
N\
\\
X
Test Input Variables Expected System
Case Output Output
ID
1 Background: Web Technology, Competency: non-IT Certification, | 6.3.4 CRUD Introduction
Course: Information Technology, Experience: Work experience, to the
Qualification: Certificates, Bandwidth: Low, Device: PC, Course

Emotion: Fear, Learning Motivation: Motivated, Location:
Outdoor, Time: 15 m, Goal: Complete a Module, Instructional
Plan: Tutorial, Learning Activity: Study, Objective: Mastering
PHP coding techniques and best practices, Skill: Logical
Thinking, Cognitive Style: Field Independence, Learning Style:
Assimilation, Personality: Conscientiousness, Interactivity:
Medium, Interest: Advanced, Preference: Practical capabilities,
Presentation: Application, Difficulty Level: Difficult, Domain
Concept: 6. Frameworks, Knowledge Level: Novice, Learning
Performance: High, Prior Knowledge: 6.1. What is a Framework

Figure 6.5 An example of test case extraction from AES

As described in Chapter 4, we have 1dentified 28 attributes of learner model from
various sources. These 28 attributes are used as attributes i input variables. After
identifying the attributes, the value of each attribute 1s specified by educational experts.

Opverall, there are 129 possible values for the first case study.

After extraction of the mput variables from the learner model and the domain
model, the next step is refining the case that represents the actual condition of the
learning situation from an instructional model. For this purpose, an analysis 1s needed
to define what should be included in the test parameters, because the selection of the
value will determine the result of the test case. This information could be extracted from
the scenario of learning in the mstructional model. As explained earlier, the adaptation
strategy 1s to finish learning early with the shortest learning path. Therefore, the test cases

are built by considering learner’s previous knowledge, goal and interest. Therefore, the
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mput space 1s spanned by four mput variables with the following value sets: Goal,

Interest, Domain Concept, and Prior Knowledge.

Table 6.2 Parameters and Value Hierarchy

No Parameters Value Hierarchy
1 Background Programming, Computer Networking, Human and Computer Interaction,
Artificial Intelligence, Web Technology, Database, Operating System
2 Competency IT Certification, non-IT Certification | No certification
3 Course Information Technology
4 Experience Work experience, Internship | Placements, No experience
5 Qualification Certificates | Diploma, Bachelor | Graduate Certificate/Diploma,
Masters | Doctoral, Others
6 Bandwidth Low, High
7 Device Smartphone | Tablet, PC
8 Emotion Anger, Sadness, Happiness, Fear, Pride, Elation
9 Learning Unmotivated, Average, Motivated
Motivation
10 Location Home | Library, Workplace | University, Outdoor
11 | Time 15m,30m | 45m,1h | >1h
12 Goal New Start, Complete a Module, Complete a Lesson | Continue Last
Study, Perform Assignment
13 Instructional Assessment, Lecture, Tutorial | Simulation, Case Study | Problem
Plan Statement | Project
14 Learning Study, Practise, Review
Activity
15 | Objective Building interactive websites using HTML CSS and Javascript, Designing
and delivering innovative services on the Web, Mastering PHP coding
techniques and best practices
16 | Skill Analytical | Critical Thinking, Logical Thinking | Mathematical Skills,
Problem Solving
17 Cognitive Style | Field Dependence, Field Independence
18 Learning Style Diverging, Assimilating, Converging, Accommodating
19 Personality Conscientiousness, Neuroticism, Extroversion
20 Interactivity Low, Medium, High
21 Interest Basic, Intermediate, Advanced
22 Preference Cognitive capabilities, Practical capabilities
23 Presentation Video, Application, Text
24 Difficulty Level Easy, Medium, Difficult
25 Domain 1. HTML and CSS, 2. Javascript and Jquery, 3. XML JSON and Ajax, 4.
Concept PHP, 5. PHP and MySQL, 6. Frameworks
26 Knowledge Novice, Intermediate, Expert
Level
27 Learning Low, Medium, High
Performance
28 Prior 1.1. HTML and CSS Fundamentals | 1.2. Structure of HTML Document
Knowledge | 1.3. Adding CSS to an HTML Document | 1.4. HTML Lists and Tables,

2.1. Javascript and JQuery Fundamentals, 2.2. Javascript Variables and
Arrays | 2.3. JavaScript Syntax | 2.4. JQuery Events and Effects, 3.1 XML
and JSON Fundamentals | 3.2 XML With DTD Schema | 3.3 Looping
Through JSON, 3.4. Ajax Fundamentals, 4.1. PHP Fundamentals | 4.2.
PHP Variables and Arrays, 4.3. Program Control | 4.4. PHP Functions
and Including, 5.1. MySQL Fundamentals | 5.2. PHPMyAdmin and SQL
Querying | 5.3. Connect PHP to MySQL and Fetch Data, 5.4. PHP MySQL
and HTML Forms | 5.5. Object Oriented MySQLi, 6.1. What is a
Framework | 6.2. Yii Framework Overview, 6.3. Gii Components
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The process In test cases generation consists of two stages: preparation and
generation. The preparation phase requires user to enter both pairs of the parameter
(attributes) and value to be covered in the test case and also the constraints. Each
combination of the parameters and values 1s reflected m the parameter interaction
hierarchy. Table 6.2 summarises the parameters and values of the first case study. This
model consists of 28 parameters and 129 values. However, the value hierarchy only has
99 entities, since some of them are aliasing to specify multiple names for a single value.
For instance, the device Smartphone 1s treated the same as Tablet and counted as one

entity. Hence, Smartphone and Tablet will be rotated among the test cases.

The next step of the preparation phase 1s to define the constraints. Constraints
allow a user to limit the domain by specifying the unwanted combination of parameters
and values. By this mechanism, the unwanted combinations can be excluded from the
result, leaving the required combinations only. There are several types of constraints in
this case study. The first 1s related to the structure of the domain model. As an example,
one pair that will occur at least in one test case 1s the pair of Module 5 and Lesson 1.1.
In reality, this combination 1s not possible as the learner will access Lesson 1 in Module
1, before accessing Module 5. The second 1s related to the learning path as previously

described. The entire list of constrains are presented in Table 6.3.

Turning now to the generation process of test cases. As described in Section
5.2.1.2, an Excel-based tool named PictMaster 1s used to generate pairwise test cases.
However, it was necessary to define some settings for this case study. The number of
combined parameters used in the setting 1s 3. This session uses specific 4-way coverage
with 90% value to ensure that the output test case will cover 90% of the domain. The
generation process will be repeated three times to ensure that the output of the test cases
has the desired test coverage. Finally, the process of building the test case starts with the
generating of the process conforming the indicated parameters, values hierarchy, and
constraint conditions. After the process 1s fimshed, the system displays statistical
mformation to the user. Figure 6.6 shows that the tool produced 392 test cases with three
repetitions, including 1009% 3-way coverage and 91.19% 4-way coverage. The overall

process to generate the test cases took 5 minutes and 39 seconds to get the results.
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Table 6.3 List of Constraints

No Constraints
Domain Concept Goal
1 1. HTML and CSS New Start, Complete a Module, Perform Assignment
2 2. Javascript and Jquery | New Start, Complete a Module, Perform Assignment
3 3. XML JSON and Ajax New Start, Complete a Module, Perform Assignment
4 4. PHP New Start, Complete a Module, Perform Assignment
5 5. PHP and MySQL New Start, Complete a Module, Perform Assignment
6 6. Frameworks Complete a Module, Perform Assignment
Location Time
7 Home 1h
8 Workplace 30m
9 Outdoor 15 m
Learning Motivation Interactivity
10 | Unmotivated Low
11 | Motivated Medium
12 | Average High
Interest Objective
13 | Basic Building interactive websites using HTML CSS and
Javascript
14 | Intermediate Designing and delivering innovative services on the Web
15 | Advanced Mastering PHP coding techniques and best practices
Learning Activity Instructional Plan
16 | Study Lecture, Tutorial
17 | Practise Case Study

the case attribute names, and the rest of the rows contain the cases. The total output
represents a combination of input variables. In the next step, information related to the
expected output from these variables 1s needed. This 1s a labor-intensive activity which

requires the user to filter several attributes and add outputs in each row. According to

Statistical information

. | Murnber of repetitions : 3

- Mumber of test cases: 392

Optimize constraint expression : False

3-way coverage : 100.0 [%8]
4-way coverage : 91.1 [%]

Elapsed tirme : 00:05:39

Figure 6.6 Statistical Information of First Generation

All of the test cases are generated in an excel spreadsheet. The first row contains
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Table 6.1, there are four attributes that influence the generation process: Domain
Concept, Prior Knowledge, Goal, and Interest. After filtering these attributes, the lesson
name could be added in the expected output column. The final test cases for Case Study
1 can be seen in Figure 6.7 below. This excel-based format 1s imported into INCAES

for further processing.

= nstruct ~ | Learnir = | Objecti v | skill  [~]¢

~ | system Outpul ~ | Backgrc ~ | Compe. ~ | Course| ~ | Experie ~ | Qualifil ~ | Bandw( | Device |~ | Ematio| ~ | Learnin ~ | Locatio » | Time |~ |Goal
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Figure 6.7 Example of test cases generated from PictMaster

6.3.2 Phase 2: Evaluation of the Test Case

The purpose of the second phase 1s developing a knowledge base from scratch by
processing test cases mto the INCALES. A knowledge base will be the result of the
mcremental acquisition of knowledge from processing the test cases. The first step of
the second phase 1s recording the adaptive e-learning domain into the prototype as
master input. The prototype received data of subject in Web Programming, which
consisted of 6 modules, 30 chapters, and 76 lessons. The data was recorded 1n the E-
learning module (Figure 6.8). Afterwards, INCAES received learner model data which
consisted of 28 attributes and 129 values. The description of attributes and values is

stored 1n the Attributes module.

The next step 1s processing the test cases produced by Phase 1 as input. Each case
has 28 attributes with corresponding values, as well as the expected output from the case.
As shown m Figure 6.8, the case can be mput into the system by two ways: manually
selecting the value of each attribute, or directly importing from the excel-based format.

Since the generated test case 1s already 1n excel-based format, the system could recognise
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and enact the case automatically. After a case 1s loaded into the system, the inference
module then detects the case and compares it with the rules in the knowledge base. The

validation process involves an educational expert to check the output of the system.

[Ea o g o
Check a Case @ / CheckacCase €
Present the case for inspection %

mport file Choose file | No file chosen

E-Learning = Row

Figure 6.8 Main interface for importing attributes

We use a sample input and output for the first case as seen above i Figure 6.5.
As this 1s the first inference, the knowledge base 1s still empty with only one default rule.
The default rule 1s always true for every case. Consequently, the output of the system for
the first case will be the value of the default rule, which 1s “ Introduction to the Course”
(Figure 6.9-A). However, the expected output for the first case should be “6.3.4 CRUD”.
Therefore, the expert disagrees with the conclusion and selects a new recommendation
and gives a justification for selecting the answer if needed (Figure 6.9-B). Once the
correct answer 1Is selected, the list of attributes that differentiate the case with the
cornerstone case 1s manually selected for the corresponding new rule (Figure 6.9-C). In
this case, (1) Goal: Complete a Module; (2) Interest: Advanced; and (3) Domain
Concept: 0. Frameworks were selected. Finally, these attributes and values (condition)
and new recommendation (conclusion) were saved as a new rule of the knowledge base.
The corresponding case that causes rule addition was also stored for reference as a

cornerstone case.

133



E@ﬂ RDR-Based Adsptive super
== Learning system a M

Check a Case & / che

Interpretation Result v
BB ELearning

Current Case Cornerstone Case
B A Background: W

Competency:

=

Monitoring Course: Info
Experience:
Qualificatio
Bandwidth:

Device: P
Emotion: Fear

Learning Motivation: Mo

Instructional Plan:
Learning Activity:

Objective:

Cogpnitive Style:
Learning Style:
Personality:
Interactivity: M
Interest: Ad
Preference:
Presentatiol
Difficulty Level
Domain Concept:
Knowledge Level: Nov

Learning Performance: H

Prior Knowledge: 6.1, What is a Framework

recommendation:

Justification

the presented case

Background Competency : Course : Experience
Wel Y non-IT Certification nformation Technology Work experience
Qualification : Bandwidth : Device : Emotion :
Certificates Low PC Fea
Learning Motivation Location : Time: Goal :
Motivated Outdoor 15m
Instructional Plan : Learning Activity : Objective :
Tutorial Study

t

Learning Style : Personality : Interactivity :

Assimilating Medium ( C )
preference : Difficulty Level : Domain Concept :

Pra tie Difficult @ 6. Fra s
Knowledge Level : Learning Performance : Prior Knowledge :

Novice High 6.1.What is a Framework

Add New Rule Cancel

Figure 6.9 The main interface for inferencing

Once the Add New Rule button was clicked, the inference module created a rule
consisting of a condition (learner’s attributes) and conclusion (lesson name). It also
stored the whole case as a cornerstone case. The process was finished in a second

without further human intervention. This cycle ended the inference process and raised
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the knowledge base with a new rule. The next case also experienced the same treatment
from the beginning to the end. Every case that entered the INCAES, will be validated
directly against the knowledge base and the expert determine 1if the knowledge 1s valid.
The experts only dealt with the conclusion and attributes associated with the presented
case. Therefore, the cycle finished with the validated knowledge in the knowledge base.
The process looks simple and sturdy due to the fact that the case was always passed
through the same steps while inferencing, from representing to validation. The new rule
1s added only when knowledge 1s change, therefore modifying the system 1s no longer
needed since the rule was ordered automatically. The above process was run iteratively
until the expected performance was fulfilled. The next section discusses on how to

monitor and analyse the development of the knowledge base until its ready to deliver.

6.3.3 Phase 3: Analysis of the Evaluation

For the purpose of monitoring the performance of the knowledge base, every
transaction 1s logged and stored in the database. This log 1s automatically collected and
transformed nto a management reporting structure. This third phase 1s mtended to
identify which features of the evaluation should be focused on and how the dashboard
could assist in the evaluation process. As was mentioned 1n the previous chapter, the
first step of the third phase 1s collecting base datasets, including cases, correct cases,
mcorrect cases, rules, and correct gap. Furthermore, a statistical module computes and
stores mmformation, such as a percentage of individual rule error, domain error,
knowledge base error, and predictivity. In this way the activity of Phase 3 will provide
fresh insight into the evaluation phase. The current KB evaluation in AES depends on
a separate phase. This 1s problematic since it will require more data, time and expert to
evaluate the AES. This research provides an alternative to evaluating the AES by taking
mto account the semantic, that not heavily relies on analytical data as used i machine

learning. So, the evaluation will progress along with the e-learning data growth.

Table 6.4 presents the first 10 test cases of the case study to illustrate the way data
sets are collected. The table shows the expected output of the test case (2) and shows
the real answer from the system (3). Every time the system gives a wrong conclusion (4),
it creates a new rule to justify the case (5). A counter is used to store the number of test

cases and also the correct/incorrect cases. The rule’s name and position in the tree are
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stored in a separate table in a knowledge base. As can be seen from Table 6.4, the system
started giving a correct conclusion on case 6; or after R5 was created. This occasion
recurred for case 7 and 8. We recorded this correct performance in a statistical module
and remarked as the gap for observation. This means that after the R5, the first gap
shows the correct performance from cases 6 to 8. After repeating the experiment, we

found two gaps from the first 10 cases. That 1s between case 6-8 and case 10.

Table 6.4 Example of the test cases

No Expected Output System Output Conclusion | Rule | Parent

(1) (2) (3) (4) (5) (6)

1 6.3.4 CRUD Introduction to the Course | False R1 RO

2 5.6.1 myTasks Project 6.3.4 CRUD False R2 R1

3 | 3.1.1 XML Overview 5.6.1 myTasks Project False R3 R2

4 2.5.1 Tabbed Form Project | 5.6.1 myTasks Project False R4 R2

5 5.5.1 MySQLi OOP 6.3.4 CRUD False R5 R1

6 | 6.3.4 CRUD 6.3.4 CRUD True - -

7 3.1.1 XML Overview 3.1.1 XML Overview True - -

8 2.5.1 Tabbed Form Project | 2.5.1 Tabbed Form Project | True - -

9 6.1.1 Whatis a 2.5.1 Tabbed Form Project | False R6 R4
Framework

10 | 3.1.1 XML Overview 3.1.1 XML Overview True - -

The next steps are determining the confidence level and calculating the statistical
datasets, respectively. The confidence level for this case study 1s set at 959% (a=0.05).
The statistical datasets consist of coverage, error level, and predictivity. The coverage 1s
the ratio of true cases by rto all seen cases. For the above example, the first correctly
classified cases are when n = 6, until n = 8. Then the correctly classified cases are 3 or
ml = 3. Thus, the coverage value for the first gap 1s Q = 3/8 = 0.375. These values are
used to calculate the potential error of the KB. Using a one-sided 95% confidence
mterval gives Zw = 1.64. Thus, the value of Exs 1s 0.0204 or 2.04%. The same procedure

when applied to the second gap, gives us Fxs = 1.88%.

It should be noted that these error values are not representations of the actual
error of the knowledge base. However, these values represent the correct performance
based on the actual seen cases. This quick estimation was calculated as the knowledge
acquisition proceeds; therefore, the next step is related to visualising this value. Overall,
our monitoring system focuses mainly on the progress of the knowledge acquisition
process. However, this information 1s consumed for two groups of users: the executive

management and the domain experts. For this reason, we developed two modules,

136



namely “KB Status” and “Expert Statistic”.

Figure 6.10 shows the KB Status module for management. This module aims to
provide an overview of the knowledge acquisition project rapidly. There are two basic
approaches currently being used to distinguish the features. First 1s an overview of the
current knowledge base status. The information under this category 1s Total Attributes,
Total Values, Total Test Cases, Total Rules, Latest Rule, and Top Rule. The second
feature 1s the latest progress of the knowledge acquisition process. This information
mcludes an overview of the performance from the last added rule, which are Average

Cases/Rules, Error (r), Error (D), Error KB, and Predictivity.

KB Status L <

Tatal Values
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(=
O
o

| Entered
0
verage Cases/Rule
.43
(]
ates

atest Error
0.60 %

Latest Error (KB) Latest Predictivity
1.88 % 98.12%

Figure 6.10 Interface of KB Status

The second monitoring module 1s “Expert Statistic”, which provides information
to the experts on how well the RDR tree based on the test cases 1s seen from the
acquisition process. Figure 6.11 illustrates the sequence of the latest three correct
performance runs. The information in the table includes Gap, Number of Cases, Last
Rule, Number of True, Standard Dewviation, Error Rule (1), Error Domain (D), Error
KB, and Predictivity. Each row illustrates the gap or correct performance of the
knowledge base during the knowledge acquisition process. These start when the KB
gives a correct answer to the query, which 1s then added continuously until an error 1s
found. This provides immediate msight and flexibility to monitor the progress of the
KB. Therefore, it will guide the expert to quickly and effectively determine the risk level

of KB development process. The experimental results are presented in the following
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sections.

£/5i2) ROR-Bazed Adeptive .
Monitoring # / Monitoring
Experts Statistic
(Confidence Level: 95%)
Gap Cases (n) Last Rule Correct (m1) Coverage (Q) Error (r) Error (d) Error (KB) Predictivity
1 8 R5 3 0.38 0.66 17 272 983
2 2 R6 1 0.50 1.08 5.00 10.00 95.00

Figure 6.11 Interface of Expert Statistic

6.4 Expermental Results

Table 6.5 presents the statistical results from 10 gaps of observation. As described
i Section 5.2.3, the Ekb expresses the estimation of maximum error that might be
contained 1n the knowledge base. This error 1s broken down into two components: the
errors due to a new rule r (ZD and the errors from the rest of domain without r (£r2).
The first sequence consists of 8 cases (n) with 3 cases (m1) were correctly classified by
the last added R5. Thus, the Q 1s 0.38 and coverage 1s 0.66. By using these values, the
system calculates the potential error of the KB for the first gap as 2.72%. From this, 1.7%
1s from the last rule R5. The confidence interval for this experiment was 95% (a=0.0J5)
one-sided upper bound. Thus, we are confident that if the test was repeated on any KB
which 1s similar to the mitial KB with the same number of test cases in gap 1, we expect
that 95% of the errors due to new rule r will be less than 1.7%. It should be noted when
the Er value 1s close to 0, it indicates a low level of error, while Er value nearly at 5%

indicates a high level of error.
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Table 6.5 The results of 10 gaps of correct performance

Gap N R m1i Q Cov Er EKB P

1 8 R5 3 0.38 | 0.66 1.70% 2.72% 98.30%
2 2 R6 1 0.50 |1.08 5.00% 10.00% | 95.00%
3 5 R10 1 0.20 | 0.49 5.00% 6.27% 95.00%
4 2 R11 1 0.50 | 1.08 5.00% 10.00% | 95.00%
5 13 R15 9 0.69 | 0.90 0.57% 1.84% 99.43%
6 2 R16 1 0.50 | 1.08 5.00% 10.00% | 95.00%
7 6 R17 5 0.83 | 1.08 1.02% 6.02% 98.98%
8 4 R18 3 0.75 111 1.70% 6.70% 98.30%
9 3 R19 2 0.67 |111 2.53% 7.53% 97.47%
10 2 R20 1 0.50 ]1.08 5.00% 10.00% | 95.00%

After observing 10 sequences, the results indicated that the lowest £rwas founded
during gap 5, while the highest £rwas founded in gaps 2, 3, 4, 6, and 10, respectively.
We detected that these highs Er values were founded during the addition of the
exceptional rule to the KB. Furthermore, the values of Er were in line with the
predictivity P, where the highest was found in gap 5 (99.43%). It is a good indication that
the KB has reached its convergence and has the capability to answer correctly. This
indicator 1is also shown in Figure 6.12 (B) after 15 rules (gap 5) the KB has learned and
started to give the correct answer. Observing the values of Er and P after gap 5, the
results indicated that the values of Er and P were acceptable, although there was a high
mcrease n gap 6 and 10. We find that these results were acceptable to demonstrate the
expertise and domain for the KB. However, before taking the conclusion, it is crucial to
analyse whether these results are i accordance with the actual performance of the
knowledge base. Therefore, we present the actual performance results of the mitial KB

testing 1n the next section.

6.5 Performance Evaluation on Initial Knowledge Base

This section presents the performance evaluation of the mitial knowledge base
construction using the system. As stated before, 48 cases were applied, and 20 rules were
created to find 10 gaps for analysing the first case study. Figure 6.12 shows the
performance evaluation timeline for this case study. The performance evaluation was
conducted by measuring the accuracy of the initial knowledge base from the first test
case until the 48th case, which was the last. After the initial KB was built and initial testing

result recorded, the knowledge acquisition process was halted, and no new rules were
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added to the knowledge base. This is to prevent knowledge modification in the KB.
Then, the performance evaluation was conducted by testing the subsequent 48 cases
against the mitial knowledge base. Both of the results were recorded and analysed for

further validation.

Start Finish

Performance Evaluation Timeline

Knowledge Base Construction

Initial Testing

(Testcases =1 - 48)
Subsequent Testing

(Testcases =49 - 96)

L 4
KB Evaluation
Completed Completed

Figure 6.12 Performance evaluation plan

In order to validate the measurement of actual performance for both the mitial
testing and the later testing, several evaluation metrics were needed. First, we measured
overall accuracy and used 1t as the basis of comparison. The overall accuracy is
computed as the total number of correctly classified cases (for both classes) divided by
the total number of cases. This method works well for the classification tasks with
balanced class, such as for predicting the learning contents. However, the class

distribution of datasets in this experiment was unbalanced or asymmetric.

For this reason, we introduced the evaluation for multi-class classification tasks by
measuring macro-averaged score of precision, recall, and FI. Macro-averaged scoring
methods were used since it gave equal weight to each class and worked better towards
the small classes (Van Asch 2013). The method used to compute these scores was
derived from the confusion matrix for a classification test. In particular, the Precision
(P and Recall (R) for each class C can be formulated as follows (Sokolova & Lapalme
2009):

XTP

P =
C T YTP.+ Y FP,

and
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XTP,

R~ =
T XTP.+XFN,

where 7Pc (i.e. true positives) denotes the number of correctly classified cases as class
C; FPc (1.e. false positives) 1s the number of cases that do not belong to class C but are
assigned to this class incorrectly; and F/Vc (i.e. false negatives) represents the number of
cases that belong to class C but which are not classified as such. Fl-score (# denotes a
harmonic mean of precision and recall that 1s calculated over all entity types. It can be
formulated as follows:
F 2 X Pc X R¢
©7 P.+Rc
The above formulae were used for evaluating both the nitial tests and the subsequent

tests.

The results presented i Table 6.6 summarise the accuracy and macro-averaged
scores of precisions, recall, and F1, respectively. In general, the initial testing has average
quality in terms of accuracy, with 56.25%. However, the precision, recall, and macro-F
scores showed lower score quality in term of performance with each 46.18%, 49.249%,
and 47.66%. In the subsequent tests, the knowledge base was constructed and hence
contained enough information. Thus, the results show that the knowledge in the
knowledge base was sufficient, with all measurements showing more than 809%. The
measurement of both accuracy and macro-F1 shows almost similar scores: 83.33% and
83.49%, respectively. Overall, the performance scores had shown that the KB could

handle better tasks when responding to the queries.

Table 6.6 Performance evaluation results of the KB (%)

Testing Accuracy | Precision Recall F1
Initial 56.25 46.18 49.24 47.66
Subsequent 83.33 80.56 86.44 83.4

6.6 Chapter Summary

This chapter has presented the first case study to evaluate the proposed

framework. The performance of the imtial KB and final test were compared and
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analysed. The experiment showed that integrating knowledge acquisition and evaluation
could be an alternative to evaluating the development of the KB. The results on
analysing the first ten gaps of the KB showed enough data to understand the
performance of the mitial KB. After the mitial KB was built, the second evaluation was
conducted with the rest of the datasets. The performance evaluation showed that both,
the mitial KB and final testing F1 scores, were 47.66% and 83.4%. Although the mnitial
KB was fair, the final testing obviously showed a good performance. The results were
acceptable for the immediate evaluation since it could provide a brief information of the
knowledge in the KBS. Even though the results seem promising, further evaluation 1s
needed to understand the impact of analysing correct gaps on late stopping. For this
reason, It 1s necessary to conduct a second evaluation with independent instructional
model and domain model. In the next chapter, the experiment was conducted on a
similar system. However, we proposed another subject and datasets for evaluating the
system. This subject has different characteristics and instructional strategy with more

variety of learning paths.
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7 CASE STUDY 2: LEARNING CONTENT
ADAPTATION FOR NETWORKING
FUNDAMENTAL

The first case study presented in Chapter 6 was the first effort to demonstrate the
RDR KBS with the supported tools. The knowledge base was mstantiated with the
domain knowledge from the Web Programming subject for undergraduate students. It
also introduced a new way to integrate the development of KB with the evaluation. The
decision to stop testing was taken early by monitoring the first ten gaps of correct
performance. The tentative conclusion from the performance evaluation had shown that
the KB already had adequate knowledge and was ready to use. It must be noted that this
conclusion requires further mvestigation to verify whether the performance assessment

can be generalised to any instructional model.

Furthermore, following the first case study, this chapter presents the second
evaluation of the framework. In contrast to the first case study, the second case study
aims to evaluate the framework with more test cases and tries to terminate the knowledge
acquisition process in the advanced development stage. The second case study focusses
on developing a knowledge base to guide dynamic learning in the Networking Essentials
subject. This subject has different characteristics than before. Overall, it has 101 lessons
that composed of a variety of contents and learning activities. Thus, this subject will
require a different strategy to complete since it will produce a wide range of learning
paths. Since the implementation of the framework has already been tested in Chapter
6, it 1s appropriate to revisit the steps in this chapter. A comparison of the decision to
stop the knowledge acquisition between case study 1 and 2 1s then discussed to conclude

the framework efficacy.

The remainder of this chapter is organised as follows. Section 7.1 describes the
evaluation scenario, including the goal and procedures of the evaluation. Section 7.2

briefly describes the subject of the case study, following by description of the domain
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model, learner model, and the mstructional model. The implementation of the
framework 1s discussed in Section 7.3. Then, section 7.4 presents and discusses the
experimental results. The analysis of the evaluation and comparison of the KB is

described in Section 7.5. Finally, Section 7.6 concludes and discusses the chapter.

7.1 Evaluation Scenario for Case Study 2

The previous case study has itroduced the dynamic evaluation approach to build
and evaluate the KB by validating it with a case study in the Web Programming subject.
This chapter extends the case study to observe the impact when we take a decision to
stop the knowledge base construction in the advanced development stage. For this, the
case study of the Networking Fundamental (UTS 2018a) 1s used. This subject will be the
basis of our second scenario since it offers more contents and learning activities. With
more extensive resources, it will need a different adaptation strategy to complete the
subject. It also produces a more possible learning output for the student. These
conditions are required for the evaluation since the second case study should contain
more possible test cases. The same process of implementation from generating test
cases, evaluation of the test cases, and monitoring the error of knowledge base will be

carried out n this case study.

The second case study proposes to examine the effect of stopping the evaluation
in the advanced stage of knowledge base development. This evaluation aims to analyse
whether late stopping has less impact compared to early stopping. Therefore, the second
case study observes the long gaps of the knowledge acquisition process and then
compares the results with the first case study. For this purpose, we increased the gaps
for analysis from 10 to 25 gaps in this second case study. As previously presented in
Chapter 6, the second evaluation was conducted to determine the performance of the
knowledge base by examining the subsequence test cases. The final analysis was carried

out to compare the results between case study 1 and 2.

7.2 Overview of the Network Fundamentals Subject

The Network Fundamentals subject for undergraduate students in I'T/CS course
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1s selected for the second case study in this thesis since it provides more learning contents
and activities. This subject is preferred because with more contents, it will allow deeper
msight mto more possible learning path scenarios for students. The Network
Fundamentals subject (UTS 2018a) is generally delivered for the second/third year of
the undergraduate students. The primary focus of the subject is introducing the structure
of computer networks and guiding for the data transfer process. The subject explores
various components and services of the network based on OSI layer protocol. It begins
by mtroducing networks and mternet as well as the application layer that works on the
mternet. The main principles of data transport are studied with focuses on TCP and
UDP. The subject covers the core of the network layer, from switching, internet
protocol, addressing, sub netting, and routing algorithms. The techniques of switching,

services, and implementation are explored further in link layer.

Figure 7.1 illustrates the main topics covered 1n this subject. As shown in the figure,
this subject has more learning contents and variations of activity compared to the
previous case study. Overall, there are 10 modules, 39 chapters, and 101 lessons offered
in this subject. Consequently, this subject will take longer to finish with slightly different
variety on learning paths. In this subject, each module 1s comprised of a set of theory
content, follow by a tutorial and assignment. The theory is delivered in various forms,
such as the text description, an interactive video, or structured PDF documents. The
tutorial session includes learning by doing activities, simulations, or network design
activity. Meanwhile, the assignment session consists of question and answer sessions with
immediate feedback. It 1s expected that students will gain theoretical and practical

experience after completing the subject.

7.2.1 Domain Model

As previously described in Chapter 6, the domain model defines the content
material and the way it is structured. For generalisability, the structure of the domain
model is similar to the previous case study which consist of three hierarchy levels of
abstraction: learning goal level, concept level, and educational material level. The
learning goals have several modules m it and act as the highest level of the domain
model. The modules have chapters which are associated with a number of concepts.

Then, the concepts are distributed to student through education materials, which 1s the
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lowest level of the abstraction hierarchy, and also the smallest element in the domain

conceptualisation.

(oo D Lo

{111 Our Lives |

1.1 Communicating in a Network-Centric World ]\

\. 1.1.2. Supporting Communication \

12 The Network as a Platform ]
1.3. LANs, WANSs, and the Internet ]
1.4. The Expanding Network

1.5. Summary & Practice (1)

1. Exploring the Network

2. Configuring a Network
Operating System

=

4 14

3. Network Protocols and
Communications

T

4. Network Access

T

=

5. Ethernet

Networking Fundamentals

6. Network Layer

.

7. IP Addressing

8. Subnetting IP Networks

-

9. Transport Layer

.- 10. Application Layer

Figure 7.1 Structure of Networking Fundamentals Subject

Although the hierarchy of the domain model 1s similar to the previous case study,
the structure of the learning activity 1s slightly different. A module n this case study 1s
arranged to include activities that involve student interaction with a focus on text reading
(content) or engaging with multimedia (interaction). Each module has a summary that
highlights the important concepts and concludes the lecture. Even though 1t omits
details, a summary helps students to focus and understand the entire lesson. It forces
the students to follow the objectives of the module rather than following each sentence
on reading text. The last activity in the module 1s a practice activity which consists of an
assessment for evaluating the knowledge of the student. The practice presents the
student with a problem, case, scenario, or design issue. To deal with the problem,

students are needed to have basic knowledge and understanding of the topics.

7.2.2 Learner Model

The process of designing the learner model 1s similar to the one presented in Case
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Study 1. The learner model 1s presented manually as the test case with attributes and
associated values. Each of the test cases portrays a stereotype of a student with their
characteristics. The attributes for Case Study 2 are also similar to those in Case Study 1.
However, the values are slightly different for the attributes that relate to domain
knowledge, due to the different type of learning content. The total number of values in
this case study 1s 142, which 1s higher than the previous case study. As a result, the
combination of inputs will be higher than the combination produced before. This 1s
needed for evaluation purposes since the testing scenario for the second case study will

be longer than the previous evaluation.

7.2.3 Instructional Model

With the same goal, the instructional model in this case study is arranged so that
students can finish learning without visiting all lessons. However, the strategy needed for
adaptation 1s different since the classification of the modules 1s based on the theme of
topics. Some modules have been arranged equally according to their respective theme,
regardless of their level of difficulty. As illustrated in Figure 7.2, all of the 10 modules
are organised according to five topics as follows: Concepts, Software, Hardware,
Communication, and Connectivity. An example for adaptation, the sequence of module
“9. Transport Layer” 1s after module 8 and before module 10. However, according to
the topics this module has no prerequisite and it could be learned immediately between
any modules. This condition 1s different in the case of module 8, which 1s the last part
of Communication cluster. To learn this module, the student must pass module 7, which

also means that the student must finish learning module 6 as the prerequisite of the

Networking Fundamentals

module 7.
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Figure 7.2 Modules Classification based on Topics

147



Furthermore, the strategy to finish a module in this case study is that the students
can select any lesson in any order. However, they must study at least two lessons in a module
and then study the summary before the module 1s considered completed. To design the
possible learning path in this case study, we looked for the path related with the
adaptation scenario where the learners get recommendations of learning content based
on their goals, interests, and previous lesson. The general rule to select the best learning
path after the student has finished a module 1s: If the student has finished a module,
then check the last lesson access and the goal of the study. Hence, the input space 1s
spanned by four input variables with the following value sets: Domain Concept, Goal,
and Interest. With assistance from an educational expert, we have analysed the case
study and found the possible 34 output spaces for learners if they want to finish this
study. The details of the expected output space in this case study are presented in the
following Table 7.1.

Table 7.1 Mapping of mandatory output (lesson) with the relevant attributes

(values)
. Input Variables Expected Output
0]
Domain Concept Goal Interest Lesson Name
1 1. Exploring the New Start Application 2.1.1. Cisco I0S
Network
2 1. Exploring the New Start Concept 3.1.1. Protocols
Network
3 1. Exploring the Complete a Concepts | Application | | 1.3.1. Components
Network Module Network Access | of Network
Network Operation |
Transmission
4 1. Exploring the Perform Concepts | Application | | 1.5.2. Quiz 1
Network Assignment Network Access |
Network Operation |
Transmission
5 2. Configuring a New Start Application 10.1.1. Application,
Network Operating Session, and
System Presentation
6 2. Configuring a New Start Network Access 4.1.1. Layer 2
Network Operating Introduction
System
7 2. Configuring a Complete a Concepts | Application | | 2.3.1. Ports and
Network Operating | Module Network Access | Addresses
System Network Operation |
Transmission
8 2. Configuring a Perform Concepts | Application | | 2.4.2. Class Activity
Network Operating | Assignment Network Access | - Tutor Me
System Network Operation |
Transmission
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9 2. Configuring a New Start Concepts | Network 3.1.1. Protocols
Network Operating Operation |
System Transmission
10 | 3. Network Complete a Concepts | Application | | 3.3.1. Data
Protocols and Module Network Access | Encapsulation
Communications Network Operation |
Transmission
11 | 3. Network Perform Concepts | Application | | 3.4.2. Quiz- 3
Protocols and Assignment Network Access |
Communications Network Operation |
Transmission
12 | 3. Network New Start Concepts | Application | | 4.1.1. Layer 2
Protocols and Network Access | Introduction
Communications Network Operation |
Transmission
13 | 4. Network Access | Complete a Concepts | Application | | 4.4.1. Copper
Module Network Access | Cabling
Network Operation |
Transmission
14 | 4. Network Access | Perform Concepts | Application | | 4.5.2. Class Activity
Assignment Network Access | - Linked In!
Network Operation |
Transmission
15 | 4. Network Access | New Start Concepts | Application | | 5.1.1. Ethernet
Network Access | Operation
Transmission
16 | 4. Network Access | New Start Network Operation 6.1.1. Network
Layer in
Communication
17 | 5. Ethernet Complete a Concepts | Application | | 5.3.1. Switching
Module Network Access |
Network Operation |
Transmission
18 | 5. Ethernet Perform Concepts | Application | | 5.4.2. Class Activity
Assignment Network Access | - MAC and Choose
Network Operation |
Transmission
19 | 5. Ethernet New Start Concepts | Application | | 6.1.1. Network
Network Access | Layer in
Network Operation | Communication
Transmission
20 | 6. Network Layer Complete a Concepts | Application | | 6.3.2 Router
Module Network Access | Bootup
Network Operation |
Transmission
21 | 6. Network Layer Perform Concepts | Application | | 6.5.2. Lab -
Assignment Network Access | Building a Switch
Network Operation | and Router
Transmission Network
22 | 6. Network Layer New Start Transmission 9.1.1.
Transportation of
Data
23 | 6. Network Layer New Start Concepts | Application | | 7.1.1. IPv4 Address
Network Access | Structure
Network Operation
24 | 7. 1P Addressing Complete a Concepts | Application | | 7.2.2. Testing and
Module Network Access | Verification

Network Operation |
Transmission
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25 | 7. 1P Addressing Perform Concepts | Application | | 7.3.2. Lab -
Assignment Network Access | Mapping the
Network Operation | Internet
Transmission
26 | 7. 1P Addressing New Start Concepts | Application | | 8.1.1. Network
Network Access | Segmentation
Network Operation |
Transmission
27 | 8. Subnetting IP Complete a Concepts | Application | | 8.2.1. Structured
Networks Module Network Access | Design
Network Operation |
Transmission
28 | 8. Subnetting IP Perform Concepts | Application | | 8.3.2. Lab -
Networks Assignment Network Access | Calculating IPv4
Network Operation | Subnets
Transmission
29 | 8. Subnetting IP New Start Concepts | Application | | 9.1.1.
Networks Network Access | Transportation of
Network Operation | Data
Transmission
30 | 9. Transport Layer | Complete a Concepts | Application | | 9.2.1. TCP
Module | Network Access | Communication
Complete a Network Operation |
Lesson | Transmission
Continue Last
Study
31 | 9. Transport Layer | Perform Concepts | Application | | 9.3.2. Simulation -
Assignment Network Access | TCP and UDP
Network Operation | Communication
Transmission
32 | 9. Transport Layer | New Start Concepts | Application | | 10.1.1. Application,
Network Access | Session, and
Network Operation | Presentation
Transmission
33 | 10. Application Complete a Concepts | Application | | 10.2.1. Common
Layer Module | Network Access | Application Layer
Complete a Network Operation | Protocols
Lesson | Transmission
Continue Last
Study
34 | 10. Application Perform Concepts | Application | | 10.3.2. Simulation
Layer Assignment Network Access | - Implement
Network Operation | Services
Transmission

7.3

Dynamic Evaluation of the Instructional Knowledge for
Networking Fundamentals Subject

The process of dynamic evaluation in the second case study remains unchanged.

However, the evaluation used a different domain knowledge. The subject of Networking

Fundamentals is used to evaluate the second case study.



7.3.1 Phase 1: Construction of the Test Cases

Following the proposed framework, this phase focuses on the test case creation
process. The test cases creation starts by extracting domain knowledge, which in this
case study 1s a learner model from Chapter 4 and domain model data from Networking
Fundamentals subject. As mention earlier, this subject has more educational content
than previous case study, where the total available values for this case are 142 and 28

attributes.

The first step towards formalising the pairwise testing 1s to define the parameters
along with the values and the constraints. In this case study, all 28 attributes of the data
model will become the test parameters. After this step, the 1dentified parameters are
decomposed mto a collection of parameters values. The values of the parameter in
testing 1s equivalent to the value of the attributes in the data model. However, an analysis
1s needed to define what should be included in the test parameters because the selection

of the value will determine the result of test.

The first step requests user to enter the parameters and value hierarchy. Table 7.2
summarises the parameters and value hierarchy of the case study. This model consists
of 28 parameters and 142 value hierarchies. However, the value hierarchy only has 102
entities as some of them are aliasing. Aliasing 1s a way of specifying multiple names for
a single value. For instance, the device Smartphone 1s treated the same as Tablet and

counted as one entity. So, Smartphone and Tablet will be rotated among the test cases.

Table 7.2 Parameters and Value Hierarchy

No Parameters Value Hierarchy

1 Background Programming, Computer Networking, Human and Computer Interaction,
Artificial Intelligence, Web Technology, Database, Operating System

2 Competency IT Certification, non-IT Certification | No certification

3 Course Information Technology

4 Experience Work experience, Internship | Placements, No experience

5 Qualification Certificates | Diploma, Bachelor | Graduate Certificate/Diploma,
Masters | Doctoral, Others

6 Bandwidth Low, High

7 Device Smartphone | Tablet, PC

8 Emotion Anger, Sadness, Happiness, Fear, Pride, Elation

9 Learning Unmotivated, Average, Motivated

Motivation

10 Location Home | Library, Workplace | University, Outdoor

11 Time 15m,30m | 45m,1h | >1h

12 Goal New Start, Complete a Module, Complete a Lesson | Continue Last
Study, Perform Assignment




13

Instructional
Plan

Assessment, Lecture, Tutorial | Simulation, Case Study | Problem
Statement | Project

14 Learning Study, Practice, Review
Activity
15 Objective Understanding the characteristics and functions of each layer of the OSI
model, Describe the networking processes within and between
networking hardware, Manage basic components of a Cisco router and
a Cisco switch, Apply VLSM Addressing to an Internet Protocol v4,
Designing and implementing a hierarchical IPv4 addressing scheme,
Recognise and make suitable choices of physical networking equipment
for a small network
16 | Skill Analytical | Critical Thinking, Logical Thinking | Mathematical Skills,
Problem Solving
17 Cognitive Style | Field Dependence, Field Independence
18 Learning Style Diverging, Assimilating, Converging, Accommodating
19 Personality Conscientiousness, Neuroticism, Extroversion
20 | Interactivity Low, Medium, High
21 Interest Basic, Intermediate, Advanced
22 Preference Cognitive capabilities, Practical capabilities
23 Presentation Video, Application, Text
24 Difficulty Level Easy, Medium, Difficult
25 Domain 1. Exploring the Network, 2. Configuring a Network Operating System, 3.
Concept Network Protocols and Communications, 4. Network Access, 5. Ethernet,
6. Network Layer, 7. IP Addressing, 8. Subnetting IP Networks, 9.
Transport Layer, 10. Application Layer
26 Knowledge Novice, Intermediate, Expert
Level
27 Learning Low, Medium, High
Performance
28 Prior 1.1. Communicating in a Network-Centric World | 1.2. The Network as a
Knowledge Platform | 1.3. LANs WANs and the Internet | 1.4. The Expanding

Network, 2.1. I0S Bootcamp | 2.2. Getting Basic | 2.3. Address
Schemes, 3.1. Network Protocols and Standards | 3.2. Using Requests
for Comments | 3.3. Moving Data in the Network, 4.1. Data Link Layer |
4.2. Media Access Control | 4.3. Physical Layer | 4.4. Network Media,
5.1. Ethernet Protocol | 5.2. Address Resolution Protocol | 5.3. LAN
Switches, 6.1. Network Layer Protocols | 6.2. Routing | 6.3. Routers |
6.4. Configuring a Cisco Router, 7.1. IPv4 Network Addresses | 7.2.
Connectivity Verification, 8.1. Subnetting an IPv4 Network | 8.2.
Addressing Schemes, 9.1. Transport Layer Protocols | 9.2. TCP and UDP,
10.1. Application Layer Protocols | 10.2. Well-Known Application Layer
Protocols and Services

Following the parameter and value descriptions, the next step 1s to mput the

constraints to limit the unwanted combination of outputs. The violating test cases cannot

simply be removed from the result as they might cover other possible valid pairs. Instead

of losing valid pairs, the pairwise testing eliminates disallowed combinations through a

constraints mechanism. Thus, the unwanted combinations were excluded from the

results, which left the required combinations only. PictMaster uses /fand 7hen relations

to express constraint conditions and targets. /f constraint condition 1s specified, 7hen

constraint target will be generated. The constraint expression applied for the model 1s




shown 1n Table 7.3.

Table 7.3 List of Constraints

Constraints
N Domain Concept Goal
1 1. Exploring the Network Complete a Module, Perform Assignment
2 2. Configuring a Network | New Start, Complete a Module, Perform Assignment
Operating System
3 3. Network Protocols and | New Start, Complete a Module, Perform Assignment
Communications
4 4. Network Access New Start, Complete a Module, Perform Assignment
5 5. Ethernet New Start, Complete a Module, Perform Assignment
6 6. Network Layer New Start, Complete a Module, Perform Assignment
7 7. P Addressing New Start, Complete a Module, Perform Assignment
8 8. Subnetting IP Networks New Start, Complete a Module, Perform Assignment
9 9. Transport Layer New Start, Complete a Module, Complete a Lesson,
Perform Assignment
10 | 10. Application Layer Complete a Module, Complete a Lesson, Perform
Assignment
Location Time
11 | Home 1h
12 | Workplace 30m
13 | Outdoor 15 m
Learning Motivation Interactivity
14 | Unmotivated Low
15 | Motivated Medium
16 | Average High
Interest Objective
17 | Concept Understanding the characteristics and functions of each
layer of the OSI model
18 | Application Recognise and make suitable choices of physical
networking equipment for a small network
19 | Network Access Manage basic components of a Cisco router and a Cisco
switch
20 | Network Operation Apply VLSM Addressing to an Internet Protocol v4,
Designing and implementing a hierarchical IPv4
addressing scheme
21 | Transmission Describe the networking processes within and between
networking hardware
Learning Activity Instructional Plan
22 | Study Lecture, Tutorial
23 | Practice Case Study

The last step of generation required user to configure the settings. Settings menu,

as shown in Figure 7.3, contains all the information related to test configurations. In this

model, we select “ Use constraints table” to apply constraints to the test case. “ Optimize

constraint expression” allows PictMaster to optimise the constraint expressions that are

generated from the constraints table. It means that, if the system determined that it will

take a long time to generate test cases due to mappropriate constraints, the format of




constraints will be optimised automatically to complete the generation in less time.
“Show statistical mmformation” will display information related to the frequency of
generation, number of created test cases, and time to complete generation once the
process has finished. Meanwhile, “Show coverage” displays combination coverage
proportions which have been created during the test cases generation. In this case study,
the specific 4-way coverage with 909% value was used to ensure that output test case would
cover 90% of the domain. The generation process will be repeated five times to ensure

that the output of the test cases have the desired test coverage.
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Figure 7.3 Settings Menu

The final step requires the user to build the test case, and then the tool will
automatically start the generating process conforming the indicated parameters, values
hierarchy, and constraint conditions. After the process is finished, the system displays
statistical information to the user. The tool produced a total of 753 test cases with five
repetitions. This included 1009 3-way coverage and 89.9% 4-way coverage. The overall
process took 13 minutes and 20 seconds to gather the results. In the next phase, the test

cases were evaluated to develop a knowledge base.

7.3.2 Phase 2: Evaluation of the Test Cases

The development of knowledge base starts from a default rule that always gives a

conclusion to any condition. The test cases data 1s entered into the system from the first



case and mcrementally added to the knowledge base. As RDR merges the knowledge
acquisition and maintenance process, the rules are then built based on the inference of
the test cases. So, the representation of the test case 1s important in the RDR. Table 7.4
llustrates the first test case of the case study. The input consisted of 28 attributes and
values, with an expected output for this condition. The expected output has been
described previously by educational experts based on certain features on the condition

of the case 1.e. Goal, Interest, and Domain Concept.

Table 7.4 First test case of case study

Cﬁge Input Expected Output
1 Background: Programming, Competency: non-IT Certification, | 6.3.2 Router

Course: Information Technology, Experience: Internship, | Bootup
Qualification: Bachelor, Bandwidth: High, Device: PC, Emotion:
Fear, Learning Motivation: Motivated, Location: Workplace, Time:
30 m, Goal: Complete a Module, Instructional Plan: Assessment,
Learning Activity: Review, Objective: Apply VLSM Addressing to an
Internet Protocol v4, Skill: Analytical, Cognitive Style: Field
Dependence, Learning Style: Diverging, Personality: Extroversion,
Interactivity: Medium, Interest: Network Operation, Preference:
Cognitive capabilities, Presentation: Text, Difficulty Level: Easy,
Domain Concept: 6. Network Layer, Knowledge Level: Expert,
Learning Performance: Low, Prior Knowledge: 6.1. Network Layer
Protocols

As predicted, the inference result for the first test case would be the conclusion of
the default rule. As shown in Figure 7.4, the system recommends ‘Message to the
Student’ for the first test case. To save this case as a rule, several attributes from the
presented case should be selected as the feature that distinguishes this case from the
others. For this purpose, we only need to analyse three features 1.e. goal, interest, and
domain knowledge. The domain knowledge of this case 1s ‘6. Network Layer’ and the
goal 1s ‘Complete a Module’. As indicated previously i Table 7.1 (20), if these
conditions with any value of interest are found in a case, then the expert would
recommend ‘6.3.2 Router Bootup’ for students. Thus, these two features (6. Network
Layer and Complete a Module) and a conclusion (6.3.2 Router Bootup) must be

selected to process the first test case and create a new rule.
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Figure 7.4 Inference result for the first test case

In this stage, the first test case has been successfully evaluated which resulted in
the first rule R1 of the knowledge base. It can be seen in Figure 7.5 that the knowledge
base has one rule R1 with a certain condition and conclusion. The presented case was
also stored in the system as a cornerstone case for R1. We processed the acquisition

icrementally and monitored the performance of knowledge in the next phase.

— Rule Nodes List L] <

Rule Nodes List

Figure 7.5 First rule created in the knowledge base



7.3.3 Phase 3: Analysis of the Evaluation

In this stage, the monitoring process of the knowledge base was undertaken. This
1s an automated process as received from log. The information generated from the
knowledge base was processed and analysed according to the procedure described in
section 5.2.3. For monitoring purposes, an analysis was undertaken based on correct
performance. It means that a counter for each sequence (gap) which counts the correctly
classified cases by that rule, was created. This counter was reset as soon as an mcorrectly

classified case was added to the knowledge base.

A total of 753 test cases were available for evaluation. The first sequence of ten
cases resulted in an incorrect classification for all cases. As the KB did not have any rule
before, those case were rejected, and the new rules were created every time an
incorrectly classified case was found. In the next batch, the first correctly classified case
was found after running 13 cases. As shown in Table 7.5, the system’s output matched
the expected output and no rule was created for case number 13. Hence, the monitoring
module created the first correct gap for analysis. The value of the first gap only consisted
of one correct case since the next case was classified as incorrect. Thus, the counter for
the gap was reset and the system waited for the next correct case to be processed and

analysed.

Further information of the results could be obtained for the monitoring module.
The information was presented in the form of a table. As illustrated i Figure 7.6, the
first gap for analysis has been created. This information contains statistical analysis as
previously described in Chapter 5. In the next section, the results of our experiment are
presented, and further discussions are conducted to understand and explain the role of

analysing the knowledge base development.



Table 7.5 Sequence of the test cases

Case Accepted =il Rule
No Expected Output System’s Output Conclusion New Name Parent
) Rule
1 6.3.2 Router Bootup Message to Student! No Yes R1 RO
2 4.5.2. Class Activity - 6.3.2 Router Bootup No Yes R2 R1
Linked In!
3 9.1.1. Transportation 4.5.2. Class Activity - No Yes R3 R2
of Data Linked In!
4 3.3.1. Data 6.3.2 Router Bootup No Yes R4 R1
Encapsulation
5 10.2.1. Common 9.1.1. Transportation No Yes R5 R3
Application Layer of Data
Protocols
6 3.4.2.Quiz-3 4.5.2. Class Activity - No Yes R6 R2
Linked In!
7 6.1.1. Network Layer in | 9.1.1. Transportation No Yes R7 R3
Communication of Data
8 7.2.2. Testing and 3.3.1. Data No Yes R8 R4
Verification Encapsulation
9 4.1.1. Layer 2 6.1.1. Network Layer No Yes RO R7
Introduction in Communication
10 | 5.1.1. Ethernet 3.4.2. Quiz- 3 No Yes R10 R6
Operation
11 | 9.1.1. Transportation 4.1.1. Layer 2 No Yes R11 RO
of Data Introduction
12 | 8.2.1. Structured 7.2.2. Testing and No Yes R12 R8
Design Verification
13 | 3.4.2.Quiz- 3 3.4.2. Quiz- 3 Yes No - -
14 | 5.4.2. Class Activity - 5.1.1. Ethernet No Yes R13 R10
MAC and Choose Operation
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7.4 Experimental Results

The second experiment was run 161 times to evaluate test cases resulting in 25
gaps. Table 7.6 shows the actual results. Column two to four are the number of rules,
number of cases, and correct cases in each gap, respectively. Q is the ratio of correct
cases with total cases. This value 1s used for calculating the coverage. Er and FEkb
represent the error of new rule r and error of the whole knowledge base. Last column
P1s the predictivity of the rule. With 95% confidence level, some Ervalues during early
development stage indicate the high level of error as can be observed in gap 1, 4, 6, and
7. A high level of errors was also discovered in the middle development stage, as
indicated in gaps 11, 13, and 17. The rest of the gaps, especially during the final
development stage, indicated a low level of errors. The results of predictivity also show
that the convergence of the knowledge base was established during the middle
development stage (after gap 13), where the P values was more than 95%. It indicates
that the evaluation of the test cases 1s unnecessary since the evaluation will not have any

impact on the knowledge base.

Table 7.6 The results of 25 gaps of correct performance

Gap R n ml Q Cov Er Ekb P
1 R13 13 1 0.08 0.20 5.00% 5.43% 95.00%
2 R14 4 3 0.75 1.11 1.70% 6.70% 98.30%
3 R18 6 2 0.33 0.65 2.53% 3.81% 97.47%
4 R19 2 1 0.50 1.08 5.00% 10.00% | 95.00%
5 R23 7 3 0.43 0.74 1.70% 2.97% 98.30%
6 R24 2 1 0.50 1.08 5.00% 10.00% | 95.00%
7 R26 3 1 0.33 0.78 5.00% 7.53% 95.00%
8 R27 3 2 0.67 1.11 2.53% 7.53% 97.47%
9 R28 3 2 0.67 1.11 2.53% 7.53% 97.47%
10 R29 5 4 0.80 1.09 1.27% 6.27% 98.73%
11 R30 2 1 0.50 1.08 5.00% 10.00% | 95.00%
12 R31 11 9 0.82 1.01 0.57% 3.10% 99.43%
13 R33 2 1 0.50 1.08 5.00% 10.00% | 95.00%
14 R34 14 13 0.93 1.04 0.39% 5.39% 99.61%
15 R35 3 2 0.67 1.11 2.53% 7.53% 97.47%
16 R36 3 2 0.67 1.11 2.53% 7.53% 97.47%
17 R37 2 1 0.50 1.08 5.00% 10.00% | 95.00%
18 R38 8 7 0.88 1.07 0.73% 5.73% 99.27%
19 R40 12 10 0.83 1.01 0.51% 3.04% 99.49%
20 R41 3 2 0.67 1.11 2.53% 7.53% 97.47%
21 R42 18 17 0.94 1.03 0.30% 5.30% 99.70%
22 R44 15 13 0.87 1.01 0.39% 2.93% 99.61%
23 R45 16 15 0.94 1.04 0.34% 5.34% 99.66%
24 R47 4 2 0.50 0.91 2.53% 5.06% 97.47%
25 R48 5 4 0.80 1.09 1.27% 6.27% 98.73%
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7.5 Performance Evaluation of the Knowledge Base

In the second experiment, the system has evaluated 161 test cases and produced
48 rules to find 25 gaps of correct performance. As Figure 7.7 shows, the first sequence
of 161 test cases was used to evaluate the mitial KB. The rest of the 161 test cases were
required for subsequent testing. Overall, 322 test cases were used for the second
experiment. The mitial testing was measured from the first cycle with an empty rule until
the knowledge base constructed 48 rules. The subsequent testing was conducted after
that, without any modification to the knowledge base. We used four parameters for
performance measurement, with the accuracy as the basis and macro-average score of

precision, recall, and F1 for the certainty.

Start Finish

Performance Evaluation Timeline

Knowledge Base Construction

Initial Testing
(Testcases =1-161)

Subsequent Testing
(Test cases = 162 - 322)

L 4
KB Evaluation
Completed Completed

Figure 7.7 Performance evaluation plan

Table 7.7 illustrates the performance evaluation results of the KB. The initial
testing showed that the overall accuracy of the KB was at 72.05%, while the macro-
averages of precision, recall, and F1 were 65.97%, 65.59%, and 65.78%, respectively.
The accuracy 1s simply a ratio of correctly predicted class, either positive or negative, to
the entire class. The precision score 1s a proper measurement for this experiment, since
the cost of false positive 1s high. However, the F1 score 1s needed for measurement to
seek a balance between precision and recall. Furthermore, the accuracy score for
subsequent testing 1s 20% higher than the initial testing. The precision and recall also
show a higher score than the previous study, with 93.979% and 91.19%. The difference

between both scores 1s only around 3%. The balance score of macro-averaged F1 1s very
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Table 7.7 Performance evaluation results of the KB (%)

similar to the overall accuracy, which 1s 92.56%.

Testing Accuracy | Precision Recall F1
Initial 72.05 65.97 65.59 65.78
Subsequent 92.55 93.97 91.19 92.56

Note that the number of predicted classes for this experiment 1s higher, with 29
classes, compared to 17 classes in the first experiment. With only 48 rules created, the
constructed KB has shown a maturity to predict 29 classes in the test cases. The macro-
averaged F1 score for mitial testing in this experiment is also higher compared to the
score of previous study, which was only 47.66%. The difference between the F1 score
i both experiments 1s around 109%. Owverall, the performance results from two
experiments were fairly consistent since they used the same system but with a different
number of predicted classes. Although the F1 score in the first experiment was poor,

the second experiment with more extended acquisition could give the highest result.

7.6 Chapter Summary

The second case study was conducted to observe the statistical output in the
advanced development stage. Thus, the experiment was longer, with 162 iterations to
evaluate test cases. The statistical results have shown that the values for both predictivity
and coverage were high. It shows that the F1 score for initial testing was medium with a
score of only 65.78%. The performance for subsequent tests 1s 92.56% and should be
considered sufficient for the domain. If the cost to keep an expert 1s not an issue, that

the knowledge base can be improved by conducting more acquisition.
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8 DISCUSSION

This chapter presents the discussion and analysis of the experiments in this study.
In general, there are two case studies to determine whether the developed KBS could
be evaluated immediately as the knowledge grows. Therefore m Section 8.1, the
experimental results from two case studies were discussed and compared. Then, the
performances were measured and analysed in Section 8.2. The validation results are

presented 1n Section 8.3.

8.1 Discussions of the Experimental Results

Prior to this study, it was difficult to evaluate a KBS because of the cost and
unavailability of experts. The problem for KBS evaluation process is that it needed to
readily available and should demonstrate actual results for real applications for experts.
Thus, the developer normally tested using available expert in the organisation and
stored the database of cases. This database is used to compare the performance as
typically used in machine learning. However, it is very difficult to use on a wide range
of real world systems. Another major approach to evaluate was using other KBS as
source of expertise. This problem is discussed in detail in (Compton, Preston et al.
1995). In this approach, the conclusions from simulated experts are used to evaluate
the new KBS. Clearly any study in KBS development will use experts with a specific
problem solving method to evaluate the system at the end of the KBS development.
This research proposed evaluation by expert during knowledge acquisition process.
The evaluation was taken to measure that the performance of the KB was acceptable
during initial development. After the initial KB was built and initial testing result
recorded, the knowledge acquisition process was halted, and no new rules were added

to the knowledge base. This is to prevent knowledge modification in the KB.

In order to validate the theoretical results presented in Chapter 5, two experiments
were conducted to evaluate the adaptive e-learning system. The simulations correspond

to two distinct learning case studies. An incremental-based AES called INCAES was
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utilised for monitoring the development of the knowledge base. The emphasis of the
experiment 1s on developing the RDR KB and gauging its effectiveness by monitoring
the knowledge acquisition process. The experiment ensures that the instructional
knowledge base used to guide the dynamic learning 1s evaluated as it 1s constructed. The
monitoring process 1s a key contribution of this thesis and 1t 1s underpinned by the
following parameters in the knowledge acquisition process: the coverage, potential error,
and predictivity of newly added rules. These parameters assess both the generalisability

and accuracy of the newly added rules in the KB development.

The mvestigation of our analysis 1s based on the correct performance of the
knowledge base. This 1s in line with the idea of RDR that only stores the rules with valid
cases after validating incorrect cases. The first experiment has resulted in 392 available
test cases to construct the knowledge base. However, only 48 test cases and 20 rules were
required to find 10 gaps in the KB. Among the 48 test cases, 27 cases were correctly
classified by the system, while the rest were incorrectly classified. The distribution of the
rules and gaps in the KB 1s presented m Figure 8.1 (A). There 1s a clear trend of
mcreasing rules as the gap grows, from 5 rules when the first gap found to 20 rules in the
last gap. The number of rules was tripled mn the first five gaps. This indicates the high
coverage during the early growth of knowledge base. Then, the number of rules showed

linear convergence by only increasing once during gap 6 to 10.

Even though the number of rules m RDR neither affect nor reflect the
performance of the KB (Kang, Gambetta & Compton 1996), it might reveal the trend
of acceptable answers of the knowledge base. As illustrated in Figure 8.1 (B), the
accepted answers rise gradually while the number of rules show a steady growth. Figure
8.1 (B) also revealed that the KB was learning along with the increasing of experience
(number of cases). After the knowledge base grew to about 15 rules in 30 cases, it
indicated that the KB had reached its peak and was capable of answering correctly in
response to the presented cases. It 1s an mdication that the KB has converged and

learned important information about the characteristics of the domain knowledge.
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Figure 8.1 The distribution of rules (A) and accuracy of initial KB (B) for Case Study 1

In general, the second experiment needed 161 cases and created 48 new rules to
find the 25 gaps of correct performance in the KB. To understand a trend of the gaps,
a change of the number of rules in each gap and correctly classified cases over time 1s
displayed i Figure 8.2 (A) and (B), respectively. As Figure 8.2 (A) shows, the first gap
needed 13 rules, and a sharp increase i rules has shown until the fifth gap. After the
fifth gap, the rules have grown at a steady, inear rate until the last 25 gaps. Furthermore,
Figure 8.2 (B) shows the comparison of rule growth with the acceptable answer from the

system. During the first early stage of the knowledge base construction, 14 test cases have
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failed to satisty due to the empty knowledge in the KB. However, Figure 8.2 (B) shows

that the number of accuracies show a linear rate in the advanced development stage.

After evaluating the 60 test cases, it 1s discovered that the knowledge base already

contains enough knowledge for the rest of the cases. The number of correctly classified

cases had passed the number of false cases.
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8.2 Performance of Knowledge Base

For the first case study, the scenario was to observe the statistical output in the
early development stage. The results have shown that the statistical output is low in
predictivity but high i coverage. This 1s an indication that the rule is too general for the
domain. The rule may cover the required condition, but the conclusion 1s not
appropriate. It 1s further confirmed by the experiment, which showed in Table 8.1 that
the performance of the system was poor during mitial testing (F1 score=47.66%).
Nevertheless, subsequent testing has shown that the performance of knowledge base was
acceptable with F1 = 83.49%. This 1s not the greatest score for the system prediction.
However, if the project manager should take a rapid decision for their project, they could
take the decision early without running a longer knowledge acquisition. In this
experiment, we obtained 10 gaps of correct performance. For a quicker decision, we
suggested to reduce this number by monitoring 5-7 gaps only. For a greater result in the
early development stage, they should expect high predictivity and high coverage from

the statistical results.

For the second case study, the scenario was to observe the statistical output in the
advanced development stage. Thus, the experiment was longer, with 162 iterations to
evaluate test cases. The statistical results have shown that the values for both predictivity
and coverage were high. According to the decision table above, this is an indication of
appropriate rule set for the given domain. The indication 1s the high convergence at a
later stage that shows the slow linear convergence. If we analysed the performance
results, Table 8.1 shows that the F1 score for mitial testing was medium with a score of
only 65.78%. We believe that with 161 test cases and 48 rules, the mitial testing could
perform better. However, the performance for subsequent tests 1s 92.56% and should
be considered sufficient for the domain. If the cost to keep an expert 1s not an issue, that

the knowledge base can be improved by conducting more acquisition.

Table 8.1 Performances Comparison

Case Study 1 Case Study 2

Initial | Subsequent | Initial | Subsequent
Accuracy 56.25 83.33 72.05 92.55
Precision 46.18 80.56 65.97 93.97
Recall 49.24 86.44 65.59 91.19
F1 Score 47.66 83.4 65.7 92.56
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8.3 Validation Results

As presented earlier, there are several approaches of validation methodologies for
knowledge-based systems. The question raised 1s how to decide which one to use. It 1s
unlikely that one general method will suit for all domains, rather some validations are
only suitable for certain domains. In this research, the KBS was developed and applied
mcrementally using RDR. This approach 1s commonly used to maintain the KB m
routine use. Since the system continuously developing as the knowledge changes,
validating such system 1s a really challenging task. In this research, the dynamic
evaluation method was applied to validate the knowledge base mn a realtime system. The
definmitive step in realtime validation 1s to employ statistical analysis module. This would

not only save time but effort to analyse the continuation of the project.

Through the two experiments, we have confirmed the theoretical results on the
topic of knowledge base evaluation process. As discussed i Chapter 2, there are three
pieces of information that can be used to evaluate the success of the knowledge
acquisition process. The first 1s the quality of the expertise that is reflected by estimating
the predictivity. Secondly, the progress of the knowledge acquisition process. This
information 1s obtained from the coverage value. During the early stage, the coverage of
newly added rules 1s relatively high. When the coverage values are constant, the accuracy
of the knowledge base tends to be acceptable. Lastly, whether or not the knowledge
acquisition methodology 1s effective for the domain. Taking a decision will depend on
the size of the domain and the available time resources that can be afforded towards it.
Furthermore, Table 8.2 shows the decision table for guiding the KBS project of adaptive
learning development. This gives msights into whether the expertise has been achieved

and the knowledge acquisition project should be terminated.

Through the two experiments, we have analysed the effort required to develop the
knowledge-based system project. The results have suggested that the learner model and
the way materials are organised i domain model, already lends itself to dynamic e-
learning domain. Specifically the description of the case from learner model, the
learning pathway taken by learner, and the sequencing of the materials enables easier
construction of the knowledge base. Although KBSs have reached the maturity stage in
their development, there 1s still room for improvement in their evaluation stage. In this

thesis, we supported the 1dea to integrate the development into the evaluation stage. The
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experiments have suggested that one of the imteresting methods i this area 1s by
monitoring knowledge acquisition during project development. We have shown here
that combining the incremental RDR with statistical monitoring will handle both,
development and evaluation tasks. With respect to the necessity of building an mitial
system and then conducting an evaluation, we have suggested that the statistical
monitoring may provide sufficient information for the sustainability of the project

development.

Table 8.2 Decision table used for analysing the knowledge acquisition monitor in

adaptive learning (Adapted from (Beydoun & Hoffmann 2013, p. 245))

Parameters Early Development Advanced Comments
Stage Development Stage
Low predictivity + Overgeneralised Overgeneralised rule | Linear convergence
Low coverage rule and low and high accuracy compounded with
accuracy overgeneralised rule
Low predictivity + Overgeneralised Overspecialised rule High coverage at a later
High coverage rules and average | and high accuracy stage may indicate slow
accuracy linear convergence
High predictivity + | Appropriate rule Appropriate rule set High coverage at a later
High coverage set and high accuracy stage may indicate fast
linear convergence that
applies when domain is
large
High predictivity + | Overspecialised Appropriate rule set Low coverage is expected
Low coverage rule / high with high accuracy at later knowledge
accuracy acquisition stages when we
have logarithmic
convergence
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9 CONCLUSION

This final chapter concludes the thesis by summarising and reflecting its main
contribution. The chapter 1s organised as follows. Section 9.1 summarises the thesis.
Section 9.2 discusses several approaches that contribute to the goal of the thesis. Section
9.3 outlines the limitation of the research. The final Section 9.4 provides the possibility

for future research and conclude the thesis with final remarks.

9.1 Research Summary

This thesis has mvestigated the use of a knowledge base to guide students in a
dynamic e-learning environment. At the same time, the thesis sought to contribute to
one of the fundamental issues in evaluating knowledge-based systems: when 1s the
knowledge base 1s ready to deliver with valid knowledge? To examine this 1ssue, we
focused on ntegrating the development phase with the testing phase of the knowledge
bases developed. Based on our investigation, we have learnt that it 1s possible to provide
a ready to use knowledge base without a separate testing phase by monitoring tasks
during the knowledge acquisition process. Of course, since we have focussed on the
knowledge acquisition in the context of dynamic e-learning, the results primarily
uncovered the feasibility of the approach in the dynamic e-learning domain. This
research tailored the dynamic evaluation framework and utilised the RDR technology as
an incremental knowledge acquisition methodology with additional statistical analysis to
estimate the effectiveness of the KBS in the dynamic e-learning domain. Furthermore,
to demonstrate the proof of concept, an adaptive e-learning expert system was developed
for suggesting learning resources to students by analysing their attributes. The process of

constructing the knowledge base was validated through two case studies.

A design science research method was adopted to achieve the aims of the thesis.
It consists of four phases, with problem identification in the first phase. Our investigation

was 1nitiated by studying relevant research related to the knowledge-based system, with
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more focus on the knowledge acquisition, evaluation, and validation processes. Despite
its advantages, KBSs suffer from major drawbacks in a long evaluation process. This
phase 1s critical for the further development of a KBS. Thus, this research focused on a
dynamic evaluation approach by monitoring the knowledge acquisition process in RDR
during the KB development process. This study was needed to better understand the
mechanism underlying the approach as it has never been applied in practise. In
particular, we evaluated the concept under two case studies related to adaptive e-learning

systems.

Therefore, the second phase of the research explores the adaptive e-learning
system, which includes modelling the learner model. This activity was described mn
Chapter 4. This phase was aimed to examine the main characteristics that a learner
should have to assist them during the adaptation process. The important issue discussed
in this phase 1s how a learner and their elements can be used to provide them with useful
learning information that 1s useful for the adaptation process. The elements or attributes
of the learner were extracted from various sources of knowledge. Then, the attributes

and corresponding values were modelled for further case studies.

The next phase was the design and development of the main artefact, which was
an instantiation to solve the problem as identified in the first phase. The instantiation 1is
realised as a knowledge-based expert system that supports adaptive learning. An
mcremental knowledge acquisition RDR was used to construct the knowledge base in
the system. There were also two requirements to be filled for the development process.
First, the system should facilitate knowledge extraction and structuring of the knowledge
from sources. All the KB rules were created automatically from errors that were found
during knowledge acquisition process. However, an expert was still needed to perform
manual refinement of the test cases. The second requirement is that the system should
facilitate the monitoring of the knowledge acquisition process. The monitoring module
was an add-on that was built to measure the performance of the KB directly during the
knowledge acquisition process. The description of these phases was presented in

Chapter 5.

The last phase of the research was focused on testing and evaluating the concept.
We described the evaluation process and its performance comparison in Chapter 6 and

7, respectively. The first case study was applied on the Web Programming subject for

170



undergraduate students in the I'T/CS field. The KBS stored the learning materials which
were tailored with the test case entered into the system. The test case included a pair of
attributes and values that represented a learner in an adaptive learning environment.
The evaluation was conducted by monitoring the progress of the first ten gaps of the
knowledge acquisition process. Following the evaluation of the mitial knowledge base,
the experiment was conducted using the following test case to evaluate the performance
of the final KB. The second case study used a similar approach and procedures.
However, the knowledge base was instantiated with the domain knowledge from a
Networking Essentials subject for undergraduate students. Different from the first case
study, the decision to stop testing in the second case study was taken after a delay, by
monitoring 25 gaps of correct performance. The results showed that the KB had very

high accuracy and was ready to deliver.

9.2 Contribution

The main goal and overview of this thesis has been presented in the previous
section. Several novel approaches have been demonstrated in this thesis which allowed
us to achieve the main objectives. The findings from this study have made several
contributions to the current literature. In particular, the contribution of the thesis could

be viewed from two perspectives, theoretical contribution and practical contribution.

On the theoretical contribution side, this thesis has contributed to the body of
knowledge by introducing a novel approach to construct a knowledge-based system that
supports maintenance and evaluation immediately in one phase. Prior to this study,
researchers had suggested to embed the validation into development in a software
development lifecycle. This approach proved effective in the dynamic e-learning
domain, and it needs further validation in other domains. However, the thesis makes a
very significant finding about the feasibility a knowledge driven approach for dynamic e-
learning.

For the knowledge acquisiion community, concurrent evaluation and
construction was difficult to support when building a KBS as it has a different lifecycle.
The findings of the study support the view that the development of a KBS should be

distinguished from conventional software (Batarseh & Gonzalez 2015), in that there are
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process models that are specific to KBS development and should be explored. Rather
than validating a KBS after the development process, we exploited the knowledge
acquisition process to analyse the performance of the knowledge base. This would allow
experts to assess the whole KBS and take decisions based on the knowledge acquisition

process.

As the knowledge base grows, our monitoring module analyses the performance
of the KBS based on correct performance and reports the potential error of knowledge
base to the experts. The statistical analysis successfully facilitates the experts to have a
better understand of the domain knowledge and expertise. This process could reduce
the cost of time of experts to maintain the knowledge acquisition process and take rapid
decisions on whether to keep the knowledge base or not. Our research has also shown
that the approach did not require the comparison of the knowledge base against external
data source. As a result, this process would minimise considerable amount of data

needed for evaluation.

The comparison of the performance analysis during knowledge acquisition
process and after building the initial KB has been presented. This evaluation helps to
understand the real performance of our analysis by measuring the value of precision,
recall, and F-measure. The results have shown that the quality of the KB was acceptable
and i line with the growth of the analysis gap from the KA process. Overall, our
monitoring module helps the experts in mmimising the cost of the evaluation process,

while still keeping the accuracy of knowledge base at an acceptable level

On the practical contribution side, the thesis contributes to the adaptation of e-
learning systems. It first presents a new learner model for adaptive e-learning systems
based on recent works. We analysed 145 papers from reputable sources and extracted
the concept from them. Besides renewing interest in the current literature, this process
also helps to understand the characteristics of the students in adaptive learning
environments that are constantly changing over time. The results suggested 28 attributes
for students in AES. Furthermore, we presented an incremental based approach to
suggest to educational experts to personalise student’s learning paths based on cases and
to store the rules in the knowledge base. This 1s a new approach as most of works
designated the adaptation rules ahead for all the scenarios. Our system allows experts to

define scenario on a case by case basis. The system does not allow direct rule creation
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nor correction to the existing rules as to maintain the integrity of the existing knowledge
i the KB. All rules will be created automatically from errors that are found during
knowledge acquisiion process instead. The experts only handle manual refinement to

distinguish the presented case with previously seen case.

9.3 Limitations

Since the main focus of this thesis 1s the process to construct a knowledge base
and rapidly evaluate its performance, the following objectives were not pursued as they

were outside the scope of the research:

1. During the generation phase of the test cases, this thesis will not provide a
mechanism to validate the selection of results. The generation results of the pairwise

testing will be used as created.

2. The thesis does not pass the responsibility to evaluate the usability of the developed
system to the students. The evaluation process will be conducted by the experts.
They will examine the knowledge base of the system and conclude the development
status of the project. However, we demonstrate the potential use of the system to

provide learning adaptation to students.

9.4 Recommendation for Future Research and Concluding
Remarks

Based on the previous discussions and contributions of this study, some
recommendations are suggested for future research. First, this study chooses pair wise
testing as the method for generating test cases. Future research might investigate the
mechanism to validate the test case and the effect of test cases sequencing with the speed
of knowledge convergence. The validation of the test cases might ensure that the test
cases have represented the domain. Then, the sequence of the test cases should be
mvestigated since RDR builds the KB based on it. In addition, this approach proved
effective in the dynamic e-learning domain. However, it needs further validation in other

domains.
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Secondly, during the evaluation process, this study suggested some numbers to
obtain the gaps for further observation. This issue 1s vital to formalise the limit for early
and advanced stages i project development. Therefore, future research opportunity is

open to mvestigate whether the knowledge acquisition 1s in early or late stages.

Third suggestion 1s related to performance measurement. In this study, we used
macro-average F1 for evaluating the performance. However, there are no guidelines as
to the basis measurement for the evaluation. Future research is necessary to investigate
the conditions in which the measurement indicates bad or good results. Fourthly, future
studies might focus on investigating how far the costs of keeping experts could be
reduced during system development projects. Since the methodology emerges from the
problem of reducing the cost of maintaining an information system project, future
mvestigating on how the model can support the project by providing a rapid decision on

the knowledge base 1s very useful.

The last recommendation is related to adaptive e-learning as the domain of the
study. This research has proposed a method for evaluating the running development of
a knowledge base. Even though the purpose 1s for the decision making for project
managers, the future evaluation of the work should include end user testing. After all,
this system 1s intended for students to assist them in their learning paths. Furthermore,
research work can be conducted by involving students and analysing the system
recommendations to their preferences. If such research work can be done, then more

contributions will be achieved in this field.
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