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CHAPTER |
INTRODUCTION

““Students must learn mathematics with understanding, actively building new
knowledge from experience and prior knowledge.”

From the Principles for School Mathematics of NCTM standards, copyright NCTM
2000-2004.

1.1 Motivation

Students bring preconceptions into learning situations. If their prior
understanding is not engaged, they may fail to grasp new concepts. In 1968, Ausubel
stated: “the most important single factor influencing learning is what the learner
already knows. Ascertain this and teach them accordingly” (Ausubel, 1968). A number
of researches also showed the essence of students’ existing knowledge prior to
instruction in science learning (Hewson & Hewson, 1983; Harrison et al., 1999). Clark
(2003) stated that “prior experience as the most significant learner characteristic
influencing learning.” Furthermore, Mayer (2004) claimed that expert teachers who
hold a more complex conception of prior knowledge than novice teachers make use of
their students’ prior knowledge in significant ways during instruction.

It has been proved that applying student prior knowledge can improve
student learning achievement in learning English Language as surveyed in the report
of NCAC Background Knowledge Instruction and the Implications for UDL
Implementation.

“...Prior knowledge has a large influence on student performance,

explaining up to 81% of the variance in posttest scores (Dochy, Segers, &

Buehl, 1999). And there is a well established correlation between prior

knowledge and reading comprehension (Langer, 1984; Long, Winograd, &

Bridget, 1989; Stevens, 1980). Irrespective of students’ reading ability,

high prior knowledge of a subject area or key vocabulary for a text often
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means higher scores on reading comprehension measures (Langer, 1984;

Long et al., 1989; Stevens, 1980). In addition, high correlations have been

found between prior knowledge and speed and accuracy of study behavior

(reviewed in (Dochy et al., 1999) as well as student interest in a topic

(Tobias, 1994). Thus, prior knowledge is associated with beneficial

academic behaviors and higher academic performance....”

Research has suggested a number of reasons in support of taking into account the
student prior knowledge in instruction. Christen and Murphy (1991) proposed the
three levels of prior knowledge as much, some, or little prior knowledge. In this
research, students can be grouped into these three categories. Based on the student
prior knowledge levels, the teacher can make a specific instruction to build, correct, or
enhance the prior knowledge of the learners. Kalyuga, Ayres, Chandler and Sweller
(2003) stated that inappropriate student prior knowledge level and new information in
instruction materials affected the student learning. It results in students failing to
connect and apply mathematical concepts to solve real world problems in their daily
life. Therefore, understanding of the student prior knowledge is an influential factor to
student learning achievement. Teachers need as much knowledge about student prior
knowledge of learning concepts as physicians have about the causes of illnesses. As a
result, it is worthy to investigate the student prior knowledge and engage in instruction
planning.

Mathematics is one of the learning subjects that student prior knowledge is
essential since math composed of incremental and sequential concepts such as
cumulating of knowledge from arithmetic to algebra concepts suggested in (Pillay,
1998). Math can become easier to learn when math foundation already set in place
(Ashlock, 2010). Only when students have fuller understanding of the foundation, they
can effectively move forward to more complicated concepts. Without sequences of
knowledge and skills, a student cannot understand and learning the concepts well
(Clarke et. al., 2005). Ashlock (2010) also suggested that, in learning mathematics, the
best instruction should target each student's specific misunderstanding prior to
learning, whether it is computational or conceptual. Moreover, research on
presentation sequencing found that learning was enhanced if supportive information

was presented sequentially before or during practice (Kester et al., 2004; Kester et. al.,
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2001). As a result, learning math concepts should be in sequential order to establish
student prior knowledge foundation.

An example of prerequisite concepts that the student should hold prior
learning fraction is shown as the triangle in Figure 1.1. From the figure, the
prerequisite concepts for learning Fractions are listed based on the Basic Education
Core Curriculum B.E. 2551 (A.D. 2008) Mathematics. The triangle shows the
fundamental knowledge in the lower levels of the triangle which affect learning more
specific concepts in the upper levels of the triangle. For example, to compute a result
of adding two fractions with different denominators, there are many concepts and
skills essential such as Least Common multiple (L.C.M.), Greatest Common Divisor
(G.C.D.), multiplication, division, addition, subtraction, and whole number. An
example from classrooms illustrates the need of prior knowledge in instruction. If a
student fails to compute adding two fractions with different denominators as shown in
Figure 1.2, it is unclear about which granular prerequisite concepts or skills are
premature and required to be treated. To find which prerequisite required, the teacher
must retest the students in order to backtrack to find the underlying granular

prerequisite knowledge that the student needs to be treated specifically.

Fractions and operation on fractions

3
L.C.M/G.C.D

*

Multiplication/ division

T
Addition/Subtraction

T

Whole numbers

Figure 1.1 Prerequisite concepts triangle for learning fraction concept



Sumalee Sonamthiang Introduction/ 4

A students’ common answer of adding two fractions:
2 2 4

577 7

Figure 1.2 A common students” answer of adding two fractions

To encourage students to learn mathematical concepts, a student needs
proper instruction accordingly to their prerequisite knowledge. If a student tried to
solve a problem that he/she has a lack of prerequisite knowledge, he could fail and
continue to accumulate the wrong concepts. Failing to solve mathematics problems
often can develop negative attitude to not only the subject but also to the teachers. If
the students’ granular prerequisite knowledge are not revealed and treated properly,
their learning problem will be added up constantly.

In order to develop a proper instruction plan, the teachers must understand
the student prior knowledge. Christen et al. (1990) suggested that teachers may choose
to do some of the following activities to acquire what prior knowledge exists:

1) Brainstorm a topic. Write all the information solicited from the students
on the chalkboard, a piece of paper, or transparency.

2) Ask specific and/or general questions about the topic. See what
responses are given.

3) Post a problem or a scenario then find out what the students know about
the idea presented.

These three activities usually provide descriptive information of the
students reflect about what they already known. Unfortunately, unknown knowledge
and misconception of the specific prerequisite concepts may not be uncovered.
Moreover, if possible to perform such the mentioned activities, it is uneasy and time
consuming task to understanding and treating individual student needs in a classroom
setting. One way to reveal the prerequisite concept requirement is to give student a test
prior to undertaking a course. The pretest result can be used to find the real causes of

the problems about which underlying granular prerequisite knowledge that the student
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needs to be treated specifically. However, it will add more workload for the teachers in
analyzing the pretest to understand each student’s prior knowledge.

As a result, there are efforts to automatically acquire student prior
knowledge such as a student modeling in Intelligent Tutoring Systems (ITSs)
(Sleeman & Brown, 1982; Anderson et al., 1985) and diagnostic testing systems
(Panjaburee et al., 2010). Student model is seen as the heart of an ITS since it
represents student cognition (and affective traits). The student’s prior knowledge and
learning characteristics is initiated as the primary student model. However, acquiring
student prior knowledge through student modeling is limited for teachers to extend the
student prior knowledge for the more granular concepts. Therefore, an automatic
system that provides the teachers a simpler way to acquire student prior knowledge
granularly is required. In this thesis, therefore, we find an approach that is able to:

1) Group the students who hold common knowledge error together with
their characteristics.

2) Map to student’s granular prerequisite knowledge in order to help
teachers find the right granular prerequisite knowledge and treat them properly either
individual or group treatment.

3) Suggest appropriate and handy instruction materials such as handouts,
exercises, and a set of test items related to each granular learning concept.

4) Articulate the granular prerequisite knowledge level as deep as the
teachers desire.

We believe that a mapping approach from a student cluster to prerequisite
concepts structure can reveal the group’s learning difficulty and prerequisite concept
requirement. The group’s prerequisite concept requirement can be useful for
instruction administrators and teachers in order to plan appropriate course outline,
prepare handouts, or arrange special classes for each group of students. Moreover,
teachers can apply the “within-class ability grouping” (Kulik & Kulik,1989) and “re-
grouping” (Slavin, 1987) for appropriate classroom instructions. The “within-class
ability grouping” allows each group to work on different materials specific to their
requirement and abilities. In the “regrouping” approach, students are pre-assessed and
grouped according to their ability in the subjects (usually in mathematics and language

subject). Then the students attend specific classroom for the subjects with their like-
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ability group and return to their regular classroom for other subjects. Therefore,
curriculum and instruction plan based specific requirement of the group can be
developed.

Even though the “within-class ability grouping” and “regrouping”
approach have proved their effective instruction to serve group-based requirement
(Kulik & Kulik, 1982; Kulik & Kulik,1989; Slavin, 1987), identifying the group or
individual student prior knowledge is a time consuming task and difficult to
implement. Therefore, an automatic approach to group students and find the group-
based prior knowledge requirement is worthy.

In order to automatically grouping (or clustering) students, a test result will
be collected to generate an input data set to the clustering system. However, students’
test data can be uncertain for many reasons. For example, it is very vague to model a
person knowledge as the only way to perceive about the students’ knowledge is
limited by answers of a test and a questionnaire. Students use various strategies to
perform the test which cause uncertainties such as guessing, unintentional answering,
or skipping (Sonamthiang, Naruedomkul, & Cercone, 2006). To cope with uncertain
knowledge about the students, a soft computing approach called rough sets (Pawlak,
1991; Pawlak, 1998) is investigated. Using the rough set approach is capable of
clustering under situation involving uncertainty. Results of rough set clustering are
approximations which may not reach total accuracy but is acceptable or sufficient to
solve problems. Sufficient details and accuracy of knowledge (or clusters) is very
crucial and inspired the state of the art in Granular Computing (GrC) field (Pedrycz,
Skowron & Kreinovich, 2008; Yao, 2009).

In education, the hierarchy of granular concepts naturally underlies in
topics within a course, prerequisite concepts, the Concept-Effect Relationship model
(Hwang, 2003), book chapters, structured problem solving such as structured writing
(Yao, 2007); for example. As a result, in this study we applied our approach of
granular concept hierarchy mapping based on rough sets (Sonamthiang, Naruedomkul,
& Cercone, 2007) with the domain conceptual hierarchy to student clustering and

articulating granular prerequisite concept requirement.
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1.2 Thesis statement

Understanding students’ granular prerequisite knowledge towards a
teaching concept is uneasy and time consuming task. Moreover, students in the same
classroom are different in ability levels, interests, and background knowledge; hence,
instruction such a classroom is difficult for the teachers to accommodate all students’
requirement. This thesis presents an alternative approach to student clustering which
takes into account the student pretest result. Groups of similar students are discovered
together with information of student’s learning difficulty for group or individual
students as desired. The discovered student clusters and the clusters’ information can
be benefited for managerial classroom and instruction planning. In addition to the
student clustering, an approach for the prerequisite concept requirement mapping is
contributed by using the students’ pretest and the domain prerequisite. We designed
and developed an automatic system called RoughClust as a tool for teacher to acquire
the student groups based on their prior knowledge and plan an instruction that suits
each group requirement.

The clustering approach presented in this thesis is a formal method of
granular concept hierarchy approximation based on Rough Set Theory (RST) which
integrates soft computing to education applications. The approach is domain
independent; therefore, it is not limited to student data sets only. The approach takes
into account the multilevel external relationships amongst objects (e.g. students) in an
information system format; or, a tabular format. The multilevel external relation is
extracted based on a dominance degree of attribute subset when the domain
dependency hierarchy is not available. For clustering students based on the test result,
the domain dependency hierarchy is used to control partitioning at each level. A rough
set is used to define a concept which permits crisp and vague concept definition
possible. As a result, using rough sets to partition and define concept provide the
concepts with more semantic and more accessible comparing with traditional
clustering methods that are based on only similarity measurement clustering.
Moreover, experiments were conducted to evaluate the performance of the innovative

clustering approach.
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1.3 Objectives

Objectives of this study are two-fold. The primary objective of this thesis
is to find an approach to cluster students into groups that students in the same group
hold similar learning characteristics. The clustering approach should concern domain
dependency of the learning subjects together with students’ background knowledge
and learning performance. A system for student clustering is to be developed in order
to automatically discover student clusters and provide student clusters’ description as
information for instructional administrators and teachers to corporately manage
classrooms and instruction to meet the group/individual students’ requirement.

The secondary objective is to use the discovered student cluster’s
description for mapping to the prerequisite concept requirement for each group. The
prerequisite concept requirement supports teacher’s understanding about his students’
prior knowledge so that the teacher can plan proper instruction to enhance group-based
learning achievement. In addition, RoughClust also provided the teacher with
appropriate learning materials for the groups for convenient use such as handouts,

exercises, lesson plans, and pretests.

1.4 Contributions

Contributions to Computer Science:

Our main contribution is an alternative approach for granular concept
hierarchical clustering based on RST. The rough set-based hierarchical clustering
provide clusters with more semantic and more accessibility for cluster mapping
comparing to traditional clustering methods. Our hierarchical concept clustering
approach can be applied to an information system both with or without the domain
dependency guidance. If the domain dependency available, the dependency structure
can be used to control multi-level partitioning. If the domain dependency is unknown,
most dominant attribute subset, reducts, and core attribute are applied for selecting
attribute subset for each level partitioning.

An automatic granular concept hierarchy (GCH) clustering system for
domain independent hierarchical concept clustering based on rough sets was

developed as a prototype. Input to the system is a data set in information system
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format and the output is a granular concept hierarchy. Users can determine appropriate
level of granular clusters to solve a particular problem using heuristics criteria.

Contributions to Education Field:

Our secondary contribution is an application of clustering student data to
discover groups of students who share similar difficulties in learning a subject.
RoughClust was developed as a tool for student clustering and prerequisite concept
requirement mapping. The discovered clusters and clusters’ information provides
insight for administrators and teachers to manage instruction and resources for each
group suitably. Moreover, teachers are provided with handy instruction material that is
suitable for each group/individual student instruction. Using the system, teachers are

also allowed to define more granular prerequisite knowledge as desire.

1.5 Benefits

Using RoughClust system, the instruction administrators and teachers are
provided with student groups with their similar learning characteristics in domain.
Thus, classroom management such as “within-class grouping” or “regrouping” based
on the groups can be implemented.

Students, teachers, and parents will benefits from RoughClust as follows.

1. More comfortable classroom learning environment is promoted.
Students complacently learn with their learning pace, performance, materials, and like-
ability peers.

2. Teacher’ work load is reduced in understanding the students’ prior
knowledge and preparing instruction since teachers can use group-based prerequisite
concept requirement to construct a group-based curriculum and plan an instruction. In
addition, teachers can use the provided materials such as hand outs, exercises, and
tests to use in the instruction planning.

3. Cost reduction for schools as there is not necessary to arrange special
classes for special needed and gifted students. Diversities of student learning ability
can be accommodated with group-based curriculum within classroom learning.

4. Once students are treated as they need at the school, supplementary

tutoring in out-of-school is reduced. Parents’ expense for their children tutoring can be
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lower or cut off. More importantly, students are able to spend more time for other

activities rather than attending the tutoring classes after school or at weekends.

1.6 Thesis outline

Chapter 2 presents literature reviews of existing study in automatic system
to diagnose student prior knowledge and explores the studies and approaches to define
such granular prerequisite concepts of student’s prior knowledge. Then, background in
RST and framework of our approach to granular concept hierarchical clustering is
presented in Chapter 3. We also illustrate the granular concept hierarchy construction
algorithms in this chapter. Chapter 4 presents the design and implementation of
RoughClust followed by its user interface and output interpretation. Chapter 5
illustrates an evaluation and discusses the results of clustering an artificial data set and
student data sets. We also present an evaluation of implementing the group-based
instruction in real classroom setting and an evaluation of user satisfaction in this
chapter. The thesis is concluded in Chapter 6 which is followed by discussion and

further research.
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CHAPTER I
LITERATURE REVIEWS

New knowledge is acquired by extending and revising prior knowledge;

new ideas acquire meaning when they are presented in a coherent relationship to one
another.

Richard F. EImore, Education for Judgment: The Artistry of Discussion Leadership,

Xii.

Students have different experiences and different prior knowledge.
Teachers and educators must serve each student with different instruction plan so that
they can correct their misconception or learn new concepts. However, understanding
individual student prior knowledge is a time consuming task and it would not be
possible for a teacher to implement an instruction to simultaneously suite all student
prior knowledge in a classroom. As a result, grouping students that hold similar prior
knowledge is essential for the teachers and educators to provide more chance to
implement the instruction that accommodates the group’s knowledge requirement.
Finding an approach to group the students based on their similar prior knowledge in
learning a concept domain is worthy to investigate. Moreover, a mapping approach to
find the student prior knowledge defined as ‘“granular prerequisite concept
requirement” for both groups and individual students is studied.

This chapter gives literature reviews and related studies to both research in
finding student’s prerequisite concept requirement and hierarchical clustering
approaches. We reviews related field of our study which inspires our approach which
is Granular Computing (GrC) in Section 2.1, then review on systems for finding
student granular prerequisite concept requirement is presented in Section 2.2. Previous
works in hierarchical clustering and conceptual clustering are discussed in Section 2.3.

Finally, we summarize the role of our approach in student learning in Section 2.4.
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2.1 Granular prerequisite concept requirement

Knowledge is organized in hierarchical network of concepts and attributes
(Ericsson & Polson, 1988). Concepts are related to one another and the hierarchical
network is formed by the relational propositions from granular simpler concepts to
more complex concepts. Examples of the hierarchical knowledge structure are such as
the definable structure of granular knowledge and solution to solve mathematical
problems defined in (Pillay et al., 1998) and problem solving skill development in
programming (Weber & Specht, 1997). Moreover, in human problem solving, a
human categorization skill is essential to mental life and results in organizations of
hierarchy knowledge structure (YYao, 2010.)

The hierarchical structure of the domain knowledge has shown a
framework to modeling the student prior knowledge (Hwang, 2003; Panjaburee,
2010). By using the hierarchical relationships of a learning concept domain, student
prior knowledge requirement such as poorly-learn paths can be revealed (Hwang,
2003; Panjaburee, 2010). However, only the hierarchical structure cannot answer the
question of “how should we articulate the hierarchy to identify the real cause or the
most granular concept that the student should master in order to well learn the learning
concept?” A human-inspired granular computing research suggested multilevel
problem solving approach by focusing on the most appropriate level of granular
knowledge (Yao, 2010). To find the most appropriate level of granularity in multilevel
problem solving, switching between the levels of granularity is necessary in order to
disregarding the irrelevant knowledge and refining for the sufficient granular
knowledge as necessary.

GrC provides us perspectives of computing of the hierarchical network
structure for granular information in helping student learning. GrC is an emerging
field of study in information processing. In 1997, Professor T.Y. Lin introduced the
term "granular computing” (Lin, 1997) which defines the study the processing of
complex information entities called information granules in order to derive granular
data abstraction and knowledge from the information. To process such complex
information in respect of concept granularity, two main set-oriented theories, fuzzy
sets and rough sets, were proposed. In 1979, Professor Lotfi A. Zadeh introduced

information granulation and suggested fuzzy set theory for computing with uncertain
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data. In 1982, Professor Zdzislaw Pawlak proposed the Rough Set Theory (RST)
(Pawlak, 1982) which provides a framework to hierarchical information granulation.
Yao (2000) collected and presented the following quotations to help us better
understanding GrC.
“Granulation of an object A leads to a collections of granules of A,
with a granule being a clump of points (objects) drawn together by
indistinguishability, similarity, proximity or functionality.” (Zadeh,
1997a)

“The theory of fuzzy information granulation (TFIG) is
inspired by the ways in which humans granulate information and
reason with it.” (Zadeh, 1997a)

“TFIG builds on the existing machinery of fuzzy
information granulation in fuzzy logic but takes it to a significantly
higher level of generality, consolidates its foundations and suggests
new directions.” (Zadeh, 1997a)

“GrC is a superset of the theory of fuzzy information
granulation, rough set theory and interval computations, and is a
subset of granular mathematics.” (Zadeh, 1997b)

Sonamthiang, Cercone and Naruedomkul (2007a) presented a GrC
approach based on rough sets to model a granular knowledge hierarchy. This approach
has been applied to hierarchical data clustering. The hierarchical clusters provide
various levels of granularity that are accessible by the clusters’ intensions in the
logical rules.

In applying GrC to examine the student’s prior knowledge, we defined a
specific term which is granular prerequisite concept requirement as the following:

“Granular prerequisite concept requirement of a specific concept is

composed of a set of the sufficient and relevant concepts that must be well

learnt by the student to learn a new concept or correct a misconception.”

In this study, we apply the hierarchical data clustering approach
(Sonamthiang, Cercone & Naruedomkul, 2007a) to cluster students’ test data in order
to group students who share common knowledge error. Moreover, a granular approach

is applied to map to the prerequisite concept requirement for the group or individual
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student. This approach will be used in developing a tool for teachers to categorize their

students into groups and find the group prerequisite concept requirement.

2.2 Automatic systems for finding student granular prerequisite

concept requirement

2.2.1 Student prior knowledge in intelligent tutoring systems

Advanced computer and information communication technology
nowadays provide more channels to promote education. Intelligent tutoring system or
ITS is an advanced computer-based learning systems to conduct one-to-one tutoring.
Katie Hafner defined an ITS in The New York Times (September 16, 2004) that
“Broadly defined, an intelligent tutoring system is educational software containing an
artificial intelligence component. The software tracks students' work, tailoring
feedback and hints along the way. By collecting information on a particular student's
performance, the software can make inferences about strengths and weaknesses, and
can suggest additional work.” ITSs are generally developed as multi-component
system (Sonamthiang, Cercone & Naruedomkul, 2007a). Artificial intelligence is
generally embedded in ITS in four main components: domain knowledge model,
student model, pedagogical model, and user interface model.

The first ITS, SCHOLAR, was introduced in 1970 (Carbonell, 1970).
Since then, the use of ITSs has increased in the past twenties years. Various subjects
that have adopted ITSs are exemplified in Table 2.1. These systems embedded Al
techniques to improve their performance on tutoring context. For instance, a Bayesian
network approach was used in tutoring Newtonian Physics of Andes tutor (Conati et
al., 1997) by modeling the student’s plan in problem solving and the network model is
used to predict the students’ actions. PAT tutor (Koedinger et al., 1997) has been used
by a great number of schools and colleges to teach Algebra. PAT tutors by modeling
current cognitive status of student by using the predefined if-then production rules of
both correct and incorrect steps generally taken by students. Moreover, PAT tutor
applies a Bayesian estimation to compute the students' strengths and weaknesses
according to the student’s cognitive model. These widely use of ITS presents the

success of adopting Al to help instructions in computer tutors.
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Table 2.1 Examples of ITSs in various domains.

Subject ITSs
Physics Andes (Conati et al., 1997)
Mathematics PAT Algebra (Koedinger et al., 1997),

Cognitive Tutor(Aleven& Koedinger, 2002)
ActiveMath (Melis & Siekmann, 2004)
WEST (Burton & Brown, 1982)
Language ICALL (Virvou & Tsiriga, 2001),
CAPIT (Mayo et al., 2000)

Formal Language | GET-BIT (Devedzic, 2003)

Computer LISP tutor (Corbett et al., 1990),
programming ASSERT (Baffes & Mooney, 1996),
PROUST (Johnson & Soloway, 1985),
SQL Tutor (Mitrovic, 2003),
ELM-ART Il (Weber and Specht, 1997)
Medicine SlideTutor (Crowley et al., 2003)
Industrial training | ABIT (Capuano et al., 2000)

Military training | SimBionic (http://www.simbionic.com/)
Law LITES (Span, 1993)

The domain knowledge model of many ITSs is built on prior knowledge,
so some of the knowledge components used in the ITSs may be mastered by students
before they take the course. However, the ITSs cannot just assume that all students
will have mastered all the prerequisites in the student model. Some student must learn
the prerequisites as they learn every knowledge component in the course. Thus, the
ITSs should estimate mastery of the prerequisite knowledge components along with
the others in the student model. Many ITSs investigated student prior knowledge by
giving a student a pretest and questionnaire, then use the test result to initialize the

student model.
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The student modeling approaches are categorized as follows.

e Stereotype model uses constraints to classify students that have common
characteristics into groups or classes. Stereotype approach was introduced
in User Modeling field by (Rich, 1989). Machine learning techniques such
as K-nearest neighbor algorithms are used to group students (Virvou &
Tsiriga, 2003). However, the class constraints are predefined in which the
constraints may be inappropriate with real student prior knowledge during
learning situation.

e Overlay model collects and represents corrections of students’ knowledge
as a subset of the ideal knowledge model of the expert. An overlay student
model is easy to implement but we cannot find misconceptions that might
occur in student knowledge via this model. The systems that applied
overlay model are (Brusilovsky ,1996) and (Kav¢i¢, 2004), for example.

o Differential model considers two categories of student’s knowledge which
are knowledge that already known and knowledge that the student cannot
expect to know and then compares of the two knowledge categories.
Similar to the overlay model, both types of knowledge are represented as
subset of the expert model. Therefore, the coaching mechanism determines
difference between the two types of student knowledge model about when
it is appropriate to interrupt the student with advice. An example of ITS
that uses the student differential model is WEST tutor (Brown & Burton,
1982).

e Perturbation model or bug model is the student model that includes both
correct knowledge and incorrect knowledge of the student. The incorrect
knowledge is separately store in the system knowledgebase called bug
library (Greer & McCalla, 1994). ITSs that deployed this type of student
modeling are, e.g., CIRCSIM tutor (Kim et al., 1989), ASSERT tutor
(Baffes & Mooney, 1996).

e Constraint-based model represents a student model using two sets of
constraints in problem solving solutions of the student: constraints that the
student correctly and incorrectly performs. Therefore, the expert solutions

are predefined as the knowledgebase of constraints in order to compare the
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acceptable and unacceptable solution steps taken by the student in problem

solving. An example of tutors that implemented using this technique in

student modeling is SQL tutor (Mitrovic, 2003).

e Model tracing is a well known method. It has been use in PAT tutor,
SlideTutor, LISP tutor, Cognitive tutor, and Andes tutor. For example, the
model tracing in LISP tutor is to model the student actions in LISP
programming process rather than recognition of the entire student’s
algorithm. Two sets of predefined rules must be collected for the expert
and the novice programming behaviour. Then the student action is mapped
to these sets of predefined rules to obtain the student model. As a result, the
student model is obtained through tracing the student programming actions
and assistance can be provided when the student performs action taken by
novice.

e Episodic models are especially used in adaptive hypermedia systems
(AHSs). An example of the system is ELM-ART (Weber & Brusilovsky,
2001) which teaches LISP programming. In ELM-ART, an episode of a
student programming contains description of concepts and rules required to
programming coded by a particular student. Therefore, the descriptions are
stored as episodes of programming.

Although there are various approaches to model student knowledge, the
main concerns are to model current status of cognitive knowledge or to trace the
student solution based on predefined problem solving paths. Prior knowledge of
students is pre-assumed by representing the tutoring domain cocepts, tutoring
methods, common or possible mistakes, and common misconceptions in the tutor
knowledge. However, these ITSs did not quite concern student’s granular prior
knowledge of the tutoring domain and his/her learning behaviour in order to provide
proper tutoring sessions.

To accommodate the granular prior knowledge and behaviour of the
student during learning with an ITS, the tutor knowledge must be decomposable as
well as a the tutoring strategies. Namely, hierarchical structure of the tutor knowledge
should be able to be refined for teaching basic skills before higher-level concepts as
the student prior knowledge requirement. For decomposable tutoring strategies, the
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ITS must provide the details of basic and simple teaching strategies and medias for the
lower-level concepts based on the student prior knowledge. In order to present
granular teaching strategies, granular prerequisite requirement of a student must be
first known by the tutor.

In addition to study of students’ prior knowledge in ITSs, there has been
intensive research on automatic system to diagnose student prior knowledge as

reviewed in the next section.

2.2.2 Diagnostic systems for finding student prior knowledge

While there are various methods to assess students’ prior knowledge, using
a pretest is commonly used for direct prior knowledge assessment. However,
conventional testing approaches usually assign only a score to each student, and this
means that students are unable to realize their own strength and weaknesses.
Moreover, teachers usually summarize and report the test result using basic statistical
data of students’ score (e.g., Max, Min, X, S%). Only the statistical report does not
provide sufficient information for teachers to adjust curriculum and instruction plan to
serve students who need specific instruction based on their strength or weakness of
prior knowledge. Teachers may manually and intensively diagnose the test results of
individual student to uncover his/her prior knowledge requirement. However,
diagnosing all individual pretest results is a time-consuming task and increases the
teacher’s workload.

One of existing automatic diagnosis systems for finding student prior
knowledge is presented in our previous research (Sonamthiang, Cercone &
Naruedomkul, 2006). The research presented an approach for diagnosis of student
prior knowledge which can be applied to initialize the student model for an ITS
development. The approach uses Demspter-Shafer Theory to prior knowledge
cognitive estimation for all prior concepts. Once student registers to the ITS, he or she
will be asked to take the pretest and answer a set of questionnaire. Student knowledge
of all background concepts will be estimated (not merely the summary score of the
pretest). The pretest has the following specification (Sonamthiang, Cercone &
Naruedomkul, 2006).
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1) Each item is independent from answering other items.
2) All item-concept relationships must be defined.

3) Weight of each item-concept relationships must be defined.

Question-1

Question-2

Question-3

Question-N

Figure 2.1 Relationships between test items and concepts with their weights

One or more related concepts are applied to answer a question. Therefore,
each pretest item is responsible for perceiving student knowledge of a concept.
However, related concepts may not have equal effect on answering an item. It is
necessary to define weight of item-concept relationships as exampled in Figure 2.1.
Students must have knowledge of conceptl, concept2, and concept3 to answer
Questionl correctly (assume no lucky guessing). Each relation of item-concept has
normalized weight sum to 1, but not necessary to the converse relation. For instance,
conceptl has a weight of 0.6 (or 60 percent) of effecting on answering questionl. The
weight of the related concepts that affect answering each question can be defined by a
voting result from the experts of the domain.

After define all the requirements, a student pretest result and the item-
concept relationships with their weights are input and processed using Dempster-
Shafer Theory. This study mainly concerns uncertainty of student taking the pretest.
The reliability of student prior knowledge diagnosed by this method is not well
studied. Moreover, the approach lacks of suggestions such as suitable learning path or
how the ITS or teachers should proceed based on the diagnostic result.

According to Hwang et al. (2003) research on the Concept Effect
Relationship (CER) model, the prerequisite relationships amongst concepts of a course
are represented via a directed graph model (see Figure 2.2). For example, to learn the
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concept Proper fraction, a student must first learn basic concept of Fraction. To learn
Mixed number, the student is required to first learning Proper fraction and Improper
fraction. This model was used in diagnosing student learning problems. For example,
if a student fails to answer most of the test items concerning Mixed number, the
learning problem may be because of the student has not mastered Mixed number or its

prerequisite concepts (such as Proper fraction or Improper fraction).

C1: Fraction

N

C2: Proper fractions

~ 7

C4: Mixed number

C3: Improper fractions

\ 4

Figure 2.2 An example of Concept Effect Relationships in Fraction

Besides the CER model, the student’s answers of the test are required to
diagnose student knowledge error. The student’s answers are used to define the Error
Rate (ER) on a test and a threshold & for the acceptable ER value must be defined. By
tracing all of the possible learning paths and determining the student’s ER, the poorly-
learned paths of a student can be obtained. Therefore, the system can provide
suggestion for each student about what prerequisite concepts are required in order to
learn a particular concept. The CER model is capable of defining the domain
knowledge of a testing diagnosis system to assist teachers in identifying weakness of
student’s learning as poorly-learned path. Therefore, in this thesis the CER model is
used in defining prerequisite relationships amongst the learning concepts to map to the
student’s prerequisite concept requirement.

The CER model extended in (Panjaburee et al., 2010) is an automatic
system for testing and diagnostic learning problems (TDLP). The diagnostic system

deploys an approach to eliciting and integrating the weightings of test item-concept
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relationships from multi experts on top of the CER model. Input to the system is
relationships amongst concepts, weights, and certainty degree given by multi experts
to define the test. Once a student takes the test, the student answers are used to
calculate the ER and diagnose the poorly-learned paths. Output of the system does not
only show a student performance level but also suggestion of prerequisite concepts
that should be revisited. However, the system does not allow teachers to define their
own granular level of prerequisite concept hierarchy to the test structure. What if the
students fail to understand all the concepts defined in the CER model? Where should
the students go back start?

In addition to (Panjaburee et al., 2010), there is recent study which is a
testing-based diagnosis system to help teachers in identifying and improving a
student’s prior knowledge before implementing an instruction (Lin et al., 2011). The
authors present a prior knowledge diagnosis or PKD model. The model requires two
input data which are the testing information and the student’s answers information.
The test information is represented by the relationships of concept-test item and the
relationship amongst the concepts. This information is defined by teachers. The
student’s answers information is derived from relationships between their answers and
the test item. PKD uses linear equations to compute the student strength and weakness
based on those defined relationships. The authors claimed that the diagnostic system
based on testing approach is effective to diagnose student prior knowledge comparing
with the expert approach. Like TDLP, the PKD approach is limited to the predefined
concept-test item relation and not yet concern granular prerequisite concept as specific
as need and the two studies are capable of diagnosing only one-by-one student. As a
result, the information of each student strength and weakness will be scattered and
become difficult for teachers to summarize overall strength and weakness of their
students and plan for classroom instruction.

While students have their individual differences in background knowledge
and learning performance, students usually perform common errors. Ashlock (2010)
addresses students’ common errors and misconceptions in mathematics at primary and
secondary level. The author suggested that most of these misconceptions are built up
and accumulated from the student’s prior knowledge. An example of a common

misconception is multiplication of a whole number by a fraction less than one. Many
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students automatically assume that the multiplication result will be larger than the
whole number since they have prior knowledge of multiplying of two whole numbers
always results in a larger number. If the common errors are identified, an instruction to
build connection of prior knowledge and new knowledge can be designed. Hence, the
teachers will able motivate the students to learn new concepts and correct the students’
misconceptions easier. However, it is challenged for the teachers to address the
students’ common errors in a large and diverse classroom.

We, therefore, present an approach to use student test on prior knowledge
requirement as input data and then automatically cluster students into granular groups
of student who have common errors. If students grouped by their common errors are
revealed, teacher can make use of this information for instructional planning for group
as well as for individual as necessary. The next section provides a survey on

hierarchical data clustering approaches which will be used to clusters the students.

2.3 A survey on hierarchical data clustering

2.3.1 Classical data clustering

Categorization skill is considered as an intelligent behavior of a human. In
categorization, one differentiates objects being determined as well as related objects
together based on the objects description. This human learning skill was applied to
machine learning called categorizing or clustering. Data clustering is a method to
group objects that are similar in particular characteristics to discover meaningful
relations among objects or abstraction in a dataset, with or without the predefined
class. Popular applications of data clustering are amongst pattern recognition,
information technology, image processing, biology, psychology, and marketing.

Data objects to be clustered is most frequently represented as an attribute-
value system such as tables in a relational database, information systems, formal
contexts, and decision tables. These representations structure the space of data in a
tabular format which each column represents attribute of objects and each row
represents individual object in the data set together with the object’s values of the
corresponding attributes. The tabular format represents data in flat and unconnected

structure. The meaningful relations amongst objects are underlying in the pile of data
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since an object may be related to other objects in the problem space. Discovering of
the meaningful relations is intensive studied in data classification and data clustering.
Existing clustering methods can be categorized based on the types of input
data (e.g., spatial data, text, and numerical data), the hardware and software, the size
of the dataset, and output cluster structure. By the output cluster structure, we can
divide two types of clustering methods as follows.
= The non-hierarchical methods. In a dataset, an object is assigned to
belong to a cluster based on the degree similarity. This type of
clustering partitions a dataset of N objects into M clusters where M < N
by using a similarity measurement or distance measurement.
Therefore, the similarity threshold must be defined to in determining
which cluster is most similar to the determined object.
= The hierarchical methods. This type of clustering produces a set of
nested clusters. Nested clusters can be induced by top down and
bottom up manners. In the top down manners, the cluster hierarchy is
constructed by dividing or partitioning a dataset into nested clusters by
considering both global and local relationships of objects and clusters.
The nested clustering will process the data until all individual objects
belong to a cluster. In bottom up data clustering, pairs of objects is
grouped to into a cluster considering local similarity of the object pair.
Classical data clustering provides information about cluster members with
some similarity measurement of intra-cluster and/or inter cluster are computed, e.g.,
the K-means algorithm (Lloyd, 1982), and the Expectation—-Maximization or EM
algorithm (Dempster, Laird, & Rubin, 1977). However, a semantic conceptual
description of clusters is not defined. In clustering student data set, only similarity
measurements is not adequate since teachers also want to know descriptive
characteristics about each group of students for further use in tailoring instruction plan
and classroom management. Without the conceptual description of clusters, the

discovered student groups may not be meaningful or useful for the users.
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2.3.2 Conceptual clustering

Conceptual clustering (CC) is a special field of clustering which not only
partitions objects into groups as concepts but also provides concepts description
(Fisher, 1987; Biswas, Weinberg, Fisher & Douglas, 1998). A concept’s description is
useful for rule generation and indexing concepts or clusters. CCs build a structure out
of data by two manners which are partition and agglomeration. Thus, hierarchical
conceptual clustering for concept hierarchy is achieved. The concept hierarchies
permit class-subclass relations of clusters to describe knowledge structure in an object
space. The class-subclass relations can be defined using conditional probability
(Fisher, 1987), for example.

2.3.3 Hierarchical conceptual clustering systems

CC algorithms were usually developed based on similarity measurement of
internal inclusion called cohesion and external. One of the well known CC algorithms
is COBWEB (Fisher, 1987). COBWEB incrementally organizes objects into a
classification tree using a probabilistic concept to describe distributions of objects
attribute-values. However, using probabilistic description of a concept fails to convey
semantics of the concepts and their relations. An improved version of COBWEB is
ITERATE (Biswas, Weinberg, Fisher & Douglas, 1998). ITERATE relaxes the effect
of random ordering of objects’ attributes by using a feature selection algorithm, then,
it iteratively redistributes the objects’ attributes to maximize the cluster cohesion. The
UNIMEM’s algorithm (Lebowitz, 1987) is an incremental CC that uses weights of
attribute to reorganize the concept hierarchy.

A clustering algorithm can be viewed as a search algorithm that looks for
the “best” groupings of objects among a multitude grouping structures. Therefore, a
heuristic function to evaluate certain groupings is necessary to select the best grouping
structure. A sequence of selected attribute(s) for partitioning affects the clusters’
content, cluster’s cohesion, and the hierarchy structure. Gluck & Corter (1985) and
Corter & Gluck (1992) presented a probabilistic criterion function called category
utility to evaluate such groupings. It is used by COBWEB and ITERATE. The
function is used to determine the usefulness or utility of a category. However, the

cluster utility function favors large size of clusters over small clusters. If the data
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contain consecutive similar objects, they tend to go to the same cluster, and as the
cluster size increases other less similar object are going to the attracted to this over
size cluster, causing skewed cluster structure.

In ID3 algorithm (Quinlan, 1986), a decision tree construction algorithm, a
feature selection is achieved through an information gain. COBWEB, ITERATE, and
ID3 select one attribute at a time for partitioning. In partitioning based on rough set
theory, a subset of attribute selection is allowed. A flexible number of attribute subset
selection was studied in (Sonamthiang, Cercone & Naruedomkul, 2007) which will be

applied to clustering student data sets in RoughClust.

2.4 Role of student clustering and granular prerequisite concept

requirement in student learning

Students in the same classroom can be very diverse and result in
instruction to serve student diversity is difficult to achieve. If we apply a hierarchical
clustering technique to student clustering which takes into account the student prior
knowledge, groups of similar students can be discovered together with information of
their prior knowledge requirement for each domain concept. Our clustering approach
(Sonamthiang, Cercone & Naruedomkul, 2007) overcomes traditional CC approaches
in the sense that the granular concept hierarchical clustering provides not only rich
description of student clusters but also the multilevel of granularity of student
grouping as the teachers require. The discovered student groups and the groups’
information can be benefited for managerial classroom and instruction planning. In
addition to student clustering, an approach for student granular prerequisite knowledge
requirement mapping is contributed by using the student groups’ information with
domain prerequisite relations.

In summary, our proposed approach embraces the followings answers the
questions:

1. What’s new? — Granular prerequisite knowledge requirement mapping.

2. What’s different?- Granular solution to uncover students common

errors and groups of similar learning difficulty.
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3. What’s better?- Our approach is better than existing testing diagnostic
systems since it provide granular information in two point of views. The first point is
granular group of students based on specific common errors. The second point is
granular domain concept hierarchy of the prerequisite knowledge requirement.

4. What’s significant? — Based on the group’s common errors and the
domain concept hierarchy, we can provide instruction materials such as handouts,
exercises, and tests that are suitable for each group and ready to use by the teachers.

This chapter presents a review of existing research in student prior
knowledge diagnosis. Granular computing approach and hierarchical clustering are
discussed as alternative approach to uncover student prerequisite knowledge
requirement for group or individual students. We close the chapter with an interesting
application in student clustering. Clustering students are to find the groups of similar
students with common prerequisite requirement. Therefore, teachers and educators can
utilize student clusters to improve group or individual students learning achievement.
The next chapter, backgrounds in RST which is the theory applied to divisively
partition and to define concepts (or clusters) and our rough set-based granular concept

hierarchy clustering approach are presented.
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CHAPTER Il
A ROUGH SET BASED GRANULAR CONCEPT HIERARCHY
CLUSTERING APPROACH

As we aim to apply granular approach to cluster students into groups of
similar learning difficulty and mapping to granular prerequisite concept requirement, a
theory to model such a granular concept of student group and granular prerequisite
structure is required. Amongst granular computing techniques (e.g., fuzzy sets, near
sets, and shadowed sets) rough set theory (RST) is widely used because of its potential
in modeling uncertain knowledge with the simplicity and understandability. This
chapter provides background of RST in Section 3.1. We present a hierarchical
conceptual clustering approach which is a rough set-based approach to cluster data
hierarchically in Section 3.2. Finally, a mapping approach for prerequisite concept

requirement is detailed in Section 3.3.

3.1 Background theory on rough sets

This section provides background of RST used in our GCH clustering
approach. Sets are one of the most fundamental concepts in mathematics. In
conventional sets or crisp sets, an object of a universe is clear to belong or not belong
to the sets. As shown in a Venn diagram in Figure 3.1, set A and B, the intersection of
the two sets is made up of the objects contained in both sets. The set of objects that
contain in A but do not contain in B is represented as A-B. However, for uncertain,
imprecision, fuzzy, or imperfect data sets, defining uncertain objects that may belong
to a set is not allowed. In rough sets, certain objects are defined by using a lower
approximation and possible objects are defined by an upper approximation of a rough
set. Therefore, a boundary region that contains uncertainty objects can also be defined

by the differences between the upper and the lower approximation. Figure 3.2 presents
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an illustrative example of a rough set X in which the set contains a boundary region in
the gray area while the lower approximation is in black area. The basic notions of RST

that will be referred to in the latter chapters are described as follows.

Figure 3.1 A Venn diagram for crisp sets.

. =Lower approximation of X

. v, =Upper approximation of X

= Boundary region of X

= Negative region=U — X

Figure 3.2 A pictorial example of a rough set X

RST was proposed by Professor Zdzislaw Pawlak (1926-2006) in 1982.
The RST is to model indiscernible objects and forms a basic granule of knowledge
about a domain, based on given observations (Peters, 2008; Skowron & Peters, 2008).
However, the observations can be imperfect: inconsistent, insufficient and uncertain.

These characteristics of observations, consequently, cause basic granules being rough
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which are defined as rough sets. Defining rough sets does not require priori
probabilistic information about data. Moreover, the rough sets permit induction of
rules about uncertainty (Grzymala-Busse, 2004), namely, the certain classes as certain
rules, and the uncertain classes as possible rules.

RST provides a formal framework that focuses on both internal relations
between attributes’ values within an object and external relations between objects. The
indiscernibility relation expresses the external relations between objects and the
relation can be used to form a granular concepts. In our study, a granular concept
represents sufficient information to solve a problem at hand. How coarse or how
specific should a granular concept be to convey such sufficient information? Some of
data clustering techniques such as K-means (Hartigan & Wong, 1979) use a distance
matrix to measure similarity of objects within cluster. However, they did not identify
how meaningful of each cluster towards target concept that the cluster represent. As a
result, it becomes uneasy to interpret and use the cluster semantic in order to solve
particular problem. Using rough sets to define a cluster provide insights to what
concept is being projected and how accurate of a cluster based on its target concept
such as a decision attribute’s value.

In information analysis based on RST (Pawlak, 1982; Pawlak, 1991),
observations are represented by an information system. An information system S is
defined by:

S =< UA (Va)aeA, f >, (3.1

where U is a finite and non-empty set of instances called universe. A is a finite and
non-empty set of attributes and V, is a non-empty set of values of an attribute a. There
is a function f that maps from an attribute of an instance x to a value v, of V, such that
<x,a> e U x A, f(x, a) € Va. A decision table D is a form of an information system S
which there is a designated attribute for making decision about objects. Hence, A = C
v {d}, where C is called condition attribute set and d is called decision attribute.
Formally,

D =< UA (Va)aeA, f >. (3.2)
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The values from mapping f(x, d) are referred to as decision values.

The following notions are applicable for both information system and
decision table. Let x be an instance of the universe and X be a subset of U. X is called
an information granule and is obtained by granulating the set U using the
indiscernibility relation on an attribute subset B, IND(B), into disjoint subsets of

granules. The indiscernibility relation is a relation on U x U defined for x, y € U as:

(x,y) e IND(B) & f(x,a) = f(y,a),YaeB,Bc A (3.3)

The relation IND(B) is called a B-indiscernibility relation and it indicates that x and y
are indiscernible by the attribute subset B.

The partitions (or granules) of the universe induced by a subset of attribute
B is called the equivalence classes of the B-indiscernibility relation which is denoted
by [x]z. Therefore, an information granule X can be characterized by a pair of lower

and upper approximations as follows:

LOWER(X) = U[x]3|x € U, [x]pcX 3.4)

UPPER(X) = U[x]3|x €U, [x]zNX=0 (3.5)

The lower approximation of a granule X, or the positive region, is the
union of all equivalence classes in [x]z which are contained in the target set X. The
upper approximation of a granule X is the union of all equivalence classes in which
have non-empty intersection with the target set X.

The main characteristic that distinguishes a rough set from a conventional
set (crisp set) is allowing a set to have a boundary region. The boundary region of a

rough set is defined as:
BND(X) = UPPER(X) — LOWER(X). (3.6)

The accuracy of rough approximation is given by:
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_ |[LOWER(X)| (3.7)

«(X) = TUPPERCO)|

|X] denotes the cardinality of a set X. The approximation accuracy is in the range of
0<a(x)<1landa(®) =1.

In a decision table, if there is a minimal subset of attributes that is
sufficient to describe the decision attribute, this subset of attributes is called a reduct
(RED).

RED < A|[x]reo' =[x]a, VRED'< RED. (3.8)
The equivalence classes induced by RED is the same as the equivalence class induced
by full attribute set A. There is a non-empty set of attribute that is common to all
reducts, this attribute set is defined as core.

Core is computed by:
CORE =(")VRED' (3.9)

The core cannot be removed from an information system without effects on the
equivalence class structure. One can assume that the core contains essential
information to define fine-grained concepts. For this reason, the essence of the core is
applied to construct hierarchical granular concepts of the domain. Many studies to
compute attributes reduction based on RST have been proposed (Li, Qing, Yang, &
Xu, 2004; Bazan & Szczuka, 2005). Different rough set based software may provide
multiple reduct generations. In our study, we apply Rough Set Exploration System:
RSES (Bazan & Szczuka, 2005) for reducts generation which is suitable in cases of
larger data sets for generating representative reducts.

3.2 A rough set-based granular concept hierarchy clustering approach

3.2.1 Formal definition of a granular concept hierarchy
A granular concept hierarchy (GCH) is a hierarchical granular knowledge
organization that provides multi-level granular knowledge units, evaluation of

knowledge, and knowledge mapping mechanism.
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A GCH is formally defined as a quadruple GCH =< G; R; T; a >, where G
is a non-empty set of nodes, and the nodes themselves are non-empty set.

R is a binary relation of parent-child and child-parent relation on g. If < g,
g'> € Rthen g is the parent of g’and g'is a child of g. There is a designated element
r of G called root. The root r holds the universe of elements such that —r = ¢. A
branch BR = g¢, 91, 92, ---, gn 1S the maximal sequence of element of G such that
go =71 and for every i > 0,< g;,9:+1 >€ R. Nodes g which R(g) = @ are called
leaves. The level of g, denoted by ||g||, is defined by n if and only if there is a branch
BR = g9, 91,92, -, gn: Where g = g,,. Obviously, ||g|| = 0.

T is the target concept of granule which is defined by a set of the decision
attribute values.

The a is knowledge evaluation of a granule g. The knowledge evaluation
in our approach is defined by accuracy of rough approximation:

_ |LOWER(g)|
~ |UPPER(9)|

LOWER(g) is lower approximation and UPPER(g) is upper

a(g)

approximation of a granule g induced by a subset of attribute. |X| denoted the
cardinality of a set X. The approximation accuracy is in the range of 0 < a(X) > 1,
and a (@) = 1.

A GCH comprises of nodes in which the coarsest concept is represented at
the root level whereas the most specific concept is represented at the leaf levels. We
articulate a concept by using the idea of the most dominant attribute subset: the more
dominant degree attribute subset, the more gravity to draw the objects into concepts by
that subset. Once a concept is granulated by the most dominant attributes subset, we
obtain the more specific concepts which are drawn by common attribute subset. The
common attribute subset forms the indiscernibility relations amongst the concept's
extension. This structure allows mapping of appropriate granular knowledge in order
to solve a problem at hand. The essences of GCH knowledge organization are.

e In order to map to an appropriate granular knowledge, the machine
problem solver must identify satisfaction criterions. One of
satisfaction criterion is that the granular knowledge is evaluated by

sufficient knowledge for solving a particular problem. If the
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problem is to find decision rules to predict unseen objects, then the
appropriate levels of granularity can be found in the granules which
no children of them have smaller boundary regions. If the problem
is to predict missing values of condition attributes of an object,
then the appropriate levels of granularity can be found at the leaf
levels where the objects are indiscernible. One may define a
satisfaction criterion by setting precision tolerance of applying the
granular knowledge. This criterion permits reducing cost of
computation where precisiation is expensive or unavailable.

e According to the GCH provides multilevel of granular knowledge
ranging from the coarsest level at the root and the most specific
level at the leaves, GCH structure provides system of granular
knowledge mapping through a tree traversal. Searching for a
granular concept in a GCH can be achieved through several
techniques such as the depth first search and breadth first search.

e Core attributes are essential to form the more specific concepts
since they contain specific characteristics of an object. In GCH
construction, core attributes are preserved to retain such specific
concepts until the latest granulation.

We shall define the syntax and semantics of GCH and present algorithms

to construct a GCH in the next subsection.

3.2.2 Syntax and semantic of a granular concept hierarchy

This section explains what knowledge is represented in the GCH and how
to interpret and evaluate knowledge in a granular concept. The section is started by
definitions of basic notions, followed by syntax and semantic of a granular concept.

Definition 1. Let g be a node in a hierarchy of granular concept hierarchy
G and g is a decision table, g < D. A common attribute of g is the attribute that forms
the indiscernibility relation on g x g. The set of common attribute s is denoted by CA
where CA C A.
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Definition 2. The set of target concepts of g, denoted by t(g), is defined

by the set of decision values in the decision attribute of x, xeg.

7(9) =V, | <x,d >=1vyVxeg (3.10)

Definition 3. The most dominant target concept, t”(g), is defined by the

decision value of the largest decision class in g.

Definition 4. A granular concept description phrase of g, denoted by
n(g), comprises of atomic predicates. A predicate is defined by a pair of common
attribute’s name and a value of the attribute. Each predicate is conjuncted by the A

operator to form a phrase.

T[(g) = Cay (VcaO)/\ ca, (Vcal)/\ ca; (VcaZ)/\ A CAy (Vcan) (311)

Where ca;eCA and |CA| = n,1 <i <n.

Definition 5. Granular concept description language of g is denoted by
Mg). The language A(g) is generated by traversing H form g0 to g. The phrase of the

traversed granules are A conjuncted successively to form A(g).

Mg) = t(g0)An(g)Ant (g2 ....t(g) (3.12)
Note that A(g) is the granular concept’s intension.

Definition 6. Syntax of a granular concept g is denoted by a pair:

w< ¢(g),A(g) > ifand onlyif x FA(g),Vxeg. (3.13)

¢(g) ={x|x € g} is called concept’s extensions and every member of ¢(g) is

understood by A(g).
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Definition 7 Semantics of a granular concept is the accuracy of rough
approximation of the granule toward the most dominant target concepts and the

concept’s intention. The semantics of g is denoted by a(g) in which

LOWER (g) (3.14)

“(9) = T PPER(g)”

where

LOWER(X) = U[g]B |x€g,l9lg €g
uPPER() = | Jlgls1x € g.lglsng # 0,

[9]s = U{[< a,v>la€B,B=CAU{d},flx,a) = T

A granular concept is indexed by its intension. The granular concept
conveys a semantic of being a target concept. To interpret the concept's semantic, one
can measure the rough approximation accuracy toward the target concept based on the
granular concept intension. Example 3.1 provides an illustrative explanation in the

domain of Flu and Example 3.2 introduces an application to student data clustering.

Table 3.1 Flu diagnosis case base

Case Temperature | Headache | Nausea Cough Flu
1 high yes no yes yes
2 very high yes yes no yes
3 high no no no no
4 high yes yes yes yes
5 normal yes no no no
6 normal no yes yes no

Example 3.1 The decision table of Flu diagnosis in Table 3.1 contains four
condition attributes of symptoms {Temperature, Headache, Nausea, Cough} and one

decision attribute {Flu}. There are six cases of patient. If the first partitioning is
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{Headache}, two granular concepts of g1 and g2 are obtained as shown in Table 3.2.
If the equivalence relation is used to discern patients, there is one common attribute
CA = {Headache} for both gl and g2. The description language is A(Ql) =
Headache(yes) and A(g2) = Headache(no). The target concept of g1 is having Flu and
the semantics conveyed by g1l is the patients who have headache also get flu, with the
accuracy of approximation is 3/4. For g2, the target concept is having no Flu. The
semantics of having no Flu is 2/2 of the patients who have no headache. Therefore, the
granular concepts are approximated and interpreted to obtain their semantics by the

rough accuracy approximation toward the target concept.

Table 3.2 Granulated concepts of Flu diagnosis case base
01 : A(gl) = Headache(yes)

Case Temperature | Headache | Nausea Cough Flu
1 high yes no yes yes
2 very high yes yes no yes
4 high yes yes yes yes
5 normal yes no no no
g2 : Mg2) = Headache(no)
3 high no no no no
6 normal no yes yes no

Example 3.2 Student data clustering. Given a test to students in a class,
the test is comprised of various concepts in a learning unit or topics and each test item
is responsible for testing student knowledge at least one concepts in the domain. If the
students’ test result are given as shown in Table 3.3, where the first column represent
students’ ID. Each row represents each student test result and each column represents
each test item (Q1 to Q16 in this test). The last column contains student overall
performance on the test (e.g. master level=3, intermediate level =2, and poor level=1).
We can apply our rough set-based approach to cluster students in this group as
follows.

If the first level of clustering applies attribute subset {Q1, Q2, Q3} for
partitioning, three granular clusters g1, g2 and g3 are obtained as shown in Table 3.4.
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The cluster g1 and g3 contains only one student which is the student ID 401 and 405
respectively. If the equivalence relation is used to discern students, the students in this
cluster have common attributes CA = { Q1, Q2, Q3, Q6, Q8, Q10, Q14, Q16} for g2
which means students in this group have common knowledge error in the concepts
tested by Q1, Q2, Q3, Q6, Q8, Q10, Q14, and Q16 respectively.

Table 3.3 An example of information system for the student test results

. s _
T2 318813885813 183l3l5|3(3(88|E s
@ £
&
401 1l 1] 1] 2o 2] 2lo] o] 1] of 1] 1] o] o] o 3
402 ol o[l of 1] o[ ol 1] o] 2] ol 1] o] 2] o ofo 2
403 ol o[ ofo[o[olo] o] ol ofof 2] o[of 2]0 1
404 ol o[ ol 1] 1] olo] o] 2ol oo 2] of 2] 0 2
405 ol 1| ol 2] o[ olo] o] ol ofof 2] ofof 2] 0 1

Table 3.4 Granular clusters of students who have similar learning difficulty

Student
ID
Q1
Q2
Q3
Q4
Q5
Q6
Q7
Q8
Q9
Q10
Q11
Q12
Q13
Q14
Q15
Q16
Performance
Level

G1 (Q1=1, Q2 =1, Q3=1)

401 1] 1] 1] 1 o] 1[ 1] ol o] 1] o[ 1] 1] o] o] © 3
G2 (Q1=0, Q2 =0, Q3=0)
402 ol o] o] 1] olo] 1] o] 1] o] 21[ o] 1] o] 0] © 2
403 ol ol o] o[olo]o]o[O0[ 0] O 1] 0] 0| 1] 0 1
404 ol o| o] 1] 1| o] o] o] 1] o] 0ol O0] 1] 0| 1] 0 2

G3 (Q1=0, Q2 =1, Q3=0)
405 ol 1] o] 1] oJo]oJo]o]oJo] 1] o] o] 1] o 1
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The description language for each cluster is: A(g1)=Q1(1)A Q2(1)AQ3(1);
Mg2)=Q1(0)AQ2(0)AQ3(0); and M(g3) = M02)=Q1(0)AQ2(1)AQ3(0). The target
concept of gl is that the students have performance level=3 and the semantics
conveyed by gl is the students who answer Q1, Q2, and Q3 correctly also at the
master performance level, with the accuracy of approximation is 1/1. The target
concept of g2 is that the students have performance level=2 and the semantics
conveyed by g2 is the students who incorrectly answered Q1, Q2, and Q3 has master
level=2, with the accuracy of approximation is 2/3. The target concept of cluster g3 is
that the student has performance level=1 and the semantics conveyed by g1 is the
student who correctly answered Q1 and Q3 but incorrectly answered Q2 has master
level=1, with the accuracy of approximation is 1.

3.2.3 Attribute selection for multilevel partitioning

In order to multilevel partitioning, especially for high-dimensional data,
our clustering algorithms focus on subspace clustering. Namely, only some attributes
are used at each level partitioning. To select appropriate attribute subset, we concern
two aspects of attribute relation which are dependency and correlation between

attributes as follows.

3.2.3.1 Applying domain concept hierarchy for attribute

selection

When applying our GCH approach to clustering student using
an information system as shown in Table 3.3, we found that students in the same
cluster is similar to each other by common knowledge errors in the test. However, the
primary clustering result shows that in some cluster students who performed common
correct or incorrect answers on a set of items are not necessary similar in their
performance levels. Therefore, using distance measurement does not convey
meaningful clusters for this type of data set.

We considered structure of testing domain which concepts are
connected to each other by prerequisite relation. The prerequisite relation is defined
between two concepts which absence of understanding one concept affects
understanding of other concepts. For example, the basic concept of fraction is a
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prerequisite of addition of two fractions; therefore, if a student does not hold correct
concept about fraction, it will be more difficult to understand the concept of adding
two fractions. As a result, order of attribute subsets for partitioning at each level are
controlled by domain concept hierarchy such as the prerequisite relations of concepts

of a domain.

3.2.3.2 Applying most dominance attribute for attribute

selection

When the domain dependency is not available, we design an
attribute selection algorithm to order multilevel partitioning. The algorithms compute
most dominance degree of attribute subsets at each level of partitioning. The most
dominance attribute subset over a considered information granule is selected to
compute the equivalence classes for the attribute subset. For more details on most
dominance attribute selection, see algorithm 2 in the next section (Granular Concept
Hierarchy Construction). A recursive partitioning algorithm is proposed as well as an
attribute subset selection algorithm to partition the granularity hierarchically.

3.2.4 Granular concept hierarchy construction

The GCH construction is a recursive granulation by top down partitioning
manner. Specifically, the recursive construction is given in Algorithm 1 (Figure 3.3),
where the symbols are already defined in Section 3.1. From the algorithm, we obtain a
GCH from a recursive tree construction. This algorithm has a recursive function
GCHconstruct(g). Input to this function is a decision table and it generates a granular
concept hierarchy for the decision table as the output. Before the function is evoked,
all variables must be set their initial values as follows:

= Assign the decision table to agranular g (g < D)

= Assign g, as the root of the hierarchy (g, < g)

= Generate a temporary decision table (TempD <« D)

= Set the attribute for partitioning as @ (B « 0)

= Set of common attributes CA « @
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Algorithm 1: Granular Concept Hierarchy Construction

Input : adecisiontable D =< g, Au{d}, V)eeasVa, f >
Output:  agranular concept hierarchy, G =< G,R >

g <D

9o < 9 /I the root of the hierarchy

TempD < D

B«¢@ /[ attribute subset for partitioning
CA<0Q /[ the set of common attributes
granulatedStatus(g) = false. //mark the granulated concepts

Function GCHconstruct(g)
Begin
if (g is discernible) then
1. Find common attribute subset CA of g.
2. Generate a granule description phrase //See definition 4.
3.if (CA # @) then
A « A- AC
TempD « < g,Au{d}, Vi)gen Va, f >
4.Set B « MostDAselect(TempD)
//Select the most dominant attribute subset B by Algorithm 2.
5. Partition the TempD by B, {B} *= {g1, 92, --» gn }-
6. Generate relations < g, g1 >,< 9,92 >,..< 9,9, >€R.
forall g;,< g,9; >€ R.do
7. Find 7 (g)).
/lthe most dominant target concept of g;.

8. Compute semantics of g;, a(g;) = %.

9. granulatedStatus (g;) < false.
end
10. Set granulatedStatus(g) < true
11.Set g « g;
12. SetTempD « < g,Au{d}, V)aeca Va, f >
else
Make a leaf granule.
end
for all g; ,(R(g;) = R(g)) and (granulatedStatus(g;) = false) do
GCHconstruct(g;)
end

Figure 3.3 An algorithm for Granular Concept Hierarchy Construction

Once all variables are defined and imitated, the partitioning process begins
with finding common attribute subset. Then, a temporary decision table (TempD) is
derived from the current decision table by removing the common attributes. The
TempD is not necessary if there is no common attribute. The attribute sequencing is

accomplished through local attributes subset selection in the recursive partitioning. We
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select the most dominant attribute subset based on the attributes' values available in
the decision table. We determine the domination using Algorithm 2. The selected
attributes subset is then used to partition TempD and assign relationships between the
obtained granules (children) and the original granule (parent). If a granule cannot be
partitioned by the indiscernibility relation, a leaf node is generated.

Algorithm 2 (Figure 3.4) computes the most dominant attribute subset
selection. There are two inputs to this algorithm which are a temporary decision table
(TempD) for local attribute subset selection and CORE attribute for the universe of the
data set. Please note that our algorithm does not compute CORE. The rough set
exploration system (RSES version 2.2) (Bazan & Szczuka, 2005) can be used to
calculate reducts of the universe. Then CORE can be derived from intersection of all
reducts. In addition to the two inputs, there are two parameters required which are N
(number of maximum attributes in the attribute subset B) and a threshold & (co-
occurrence proportion between the N attributes’ values and a decision value).

Given a TempD, we find the N most dominant attributes toward the
decision class. CORE is used to preserve the specific attribute(s) of instances in the
granule by retaining CORE until the latest granulations. N can be tuned up to the
number of condition attributes to compose a good proportion of the concept’s
extension. In other words, our algorithm allows a flexible number of attributes in a
subset for partitioning.

We use co-occurrence proportion of attributes’ values and decision classes
(correlations) to determine the domination degree. Once the most N dominant
attributes are obtained, we determine the co-occurrences within the N attributes to find
if any combination of them can be used to approximate a concept by a threshold (g). A
count of co-occurrence amongst condition attributes' values implies the degree of
which these attribute values can be used to compose a common concept. We can tune
the threshold € by the number of instances in working granule. For example, if there
are 10 instances in the working granule and 5 instances are indiscernible by the
attribute subset B, then the domination degree of B is 5/10. The subset of attributes
with the greatest domination degree argmax (|[x],uq]) and the greatest domination

degree is greater than the threshold argmax(|[x]ropg|) > € is selected to partition the



Sumalee Sonamthiang A Rough Set Based Granular Concept Hierarchy Clustering Approach /42

current granule. If no domination degree of the N combination attributes meets the

threshold, the single most dominant attribute is selected.

Algorithm 2: Most Dominant Attribute Subset Selection

Input : a decision table (TempD), CORE, parameter N and threshold «.
Output:  the most dominant attribute subset B
/] this attribute subset will be used to partition the TempD in Algorithm 1.
MostDA « @
TopDA « @
B« @
for eacha € A do
for each v, €V, do
L [xlaua < Uflav]If(x, @) = v, f(x,d) = vy}
end
2. domDegree(a;) < argmax (|[x]zual)
end
MostDA < argmax (domDegree(a;))
TopDA « TopN argmax (domDegree(qa;))
B < MostDA
for each TopB where TopBc TopDA, |TopB| > 1do
[[x]ropp < Ufla,v]If(x,a) = v,,a € TopB}
if argmax(|[x]ropp|) > € then
B < topB
end
end
if (B— CORE # @) then
B « (B — CORE)
end
Return B

Figure 3.4 An algorithm for attribute subset selection based on most dominance

attribute subset

Example 3.3 illustrates the recursive construction of a GCH using
Algorithm 1 and Algorithm 2 in Figure 3.3 and Figure 3.4 respectively.

Example 3.3. A GCH construction for the Flu diagnosis decision table
(Table 3.1.) is described step by step. The granulation starts by partitioning the
universe. In this example, the equivalence relation is used. The size of attribute subset
to partition is one (N = 1) since the number of condition attributes is relatively small.

The objects in the universe are discernible by the equivalence relation. Thus, we find
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reducts for this table which are {Temperature, Headache, Nausea}, {Temperature,
Nausea, Cough}, and {Headache, Nausea, Cough}, and core is {Nausea}. There is no
common attribute value in this granule. We select the first attribute subset by
determining the degree of attribute dominations. Headache has the highest domination
degree (domDegree = 3) compared to the rest of the condition attributes (domDegree =
2). Thus, the first attribute subset to partition is {Headache} and g1 = {1; 2; 4; 5} and
g2 = {3; 6} are obtained. Then we continue granulate g1 selecting the most dominant
attributes for g1. Temperature, Nausea and Cough attributes have the same degree of
domination. Nausea is the core; thus, it is retained at this granulation. We select
Temperature or Cough to partition gl. If we apply Temperature, we obtain granule g3
= {1, 4}, 94 = {5}, g5 = {2} which are children of g1. The granule g4 and g5 are
indiscernible so they are leaf granule. We then granulate g3 by finding common
attribute subset which is {Cough}. The Cough attribute can be now removed. The
remaining attribute {Nausea} is then used to partition g3 to obtain g6 = {2}; g7 = {3}.
Since all siblings are now leaf nodes we can return to the higher levels. We continue
granulate g2. Note that the temporary table can be generated as the common attribute
{Headache} is neglected. Like partitioning g1, Nausea is retained. If we partition g2
by Temperature, the indiscernible granule g8 = {3} and g9 = {6} are obtained. Fig. 3.5
shows the GCH for the Flu diagnosis domain.

U
{Headache}* |
| |
g1={1,2475} g2={3, 6}
{Temperature}* {Temperature}*
g3={1,4} g4={2} g>={5} g8={3} g9 = {6}

{Nausea}*

g6 ={1} g7 ={4}

Figure 3.5 A granular concept hierarchy for the flu case base
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3.3 Prerequisite concept requirement mapping

One of our goals is to help teachers understand what prior knowledge is
lacking and causes students’ learning problems. Therefore, in addition to student
clustering, we also implement further application for mapping the group prerequisite
concept requirement. The prerequisite concept requirement is composed of a list of
concepts should be well learned prior to learning a specific concept. In our study, the
prerequisite concepts requirement is derived from mapping the student group’s
characteristics with the prerequisite relations between concepts within a domain. A
learning domain can be broadening from a specific learning concept, topic, unit,
lesson, and a course. A well known approach for defining the concept dependency
relationship is CER model, proposed by (Hwang et. al., 2003). Please refer to Chapter
2, Section 2.2.2, for more details of the CER model. In (Hwang et. al., 2003), the
authors defined the prerequisite relations as follows:

Consider two concepts to be learned; Ci and Cj, If Ci is a prerequisite to

efficiently performing the more complex and higher level concept Cj, then

a concept-effect relationship Ci =>Cj is said to exist. Notably, a concept

may have multiple prerequisite concepts, and a given concept can also be

a prerequisite concept of multiple concepts.

The prerequisite structure of a domain is defined as relationships between
two units within the domain where knowledge Ci and Cj is dependent. The model
represents prerequisite relationships among concepts in a course which with the
relationships are used to diagnose individual students’ learning problems and provide
individual learning advice. We borrowed the CER model to indentifying the group-
based prior knowledge requirement by mapping the student clusters’ characteristic
with the prerequisite relationships amongst concepts.

An example of a CER model in the domain of fraction is defined in Figure
3.6. The concept whole number is a prerequisite of the basic concepts in Fraction.
Once the student comprehend fractions, then he hold the prerequisite knowledge for
comparing two fractions with which one is equal, less than, or greater than the other

one and so on.



Fac. of Grad. Studies, Mahidol Univ.

Ph.D.(Science and Technology Education) / 45

Basic concepts of

fraction

\ 4

Improper fractions and

mixed number

Equivalent & reducing

fractions

Comparing and ordering

fractions

=
1

Addlng& subtracting
equivalent denominator

fractions

3

Adding and subtracting
different denominator

fractions

Multiplying fractions
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mixed number
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i

relations and converting }

Basic concept of

decimal

Figure 3.6 A CER model of fraction concepts for primary level

In this chapter, we present background theory of RST and our approach for

hierarchical clustering. The decision class is used to guide clustering accuracy and the

obtained clusters are defined by rough set-based lower and upper approximation. A

recursive algorithm to construct a GCH and algorithm for attribute selection for multi-

level partitioning are presented. Moreover, we discussed that some domain should

apply the domain dependency (e.g., domain prerequisite relations) to guide multi-level

partitioning such as in the student clustering based on an academic test. Next chapter

presents an application of the GCH clustering approach to cluster the real world data

sets, student prior knowledge testing. Moreover, utilizing from the student clusters is
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studied through the group-based prerequisite requirement mapping and providing the

instruction material for the group’s requirement.
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CHAPTER IV
ROUGHCLUST: ASTUDENT CLUSTERING AND
PREREQUISITE CONCEPT REQUIREMENT MAPPING TOOL

In this chapter, we present an educational application of our GCH
clustering approach to group students using the student data from prior knowledge
testing and learning performance level. To reach our objectives of student clustering
and mapping to prerequisite concept requirement, we design the architecture of our
system called RoughClust as presented in Section 4.1. Section 4.2 describes input of
the system which is collection of student test data sets and data preprocessing and
preparation. In Section 4.3, user interface and how to use RoughClust is guided.
Interpretation of the output information provided by our system (students’ groups,
group-based learning difficulty, prerequisite concept requirement, and instruction
material) is also suggested. In addition, RoughClust knowledgebase can be extended
by the users; therefore, we also present the user interface for extending RoughClust in

this section.

4.1 RoughClust architecture

RoughClust is an automatic system for student clustering and prerequisite
knowledge requirement mapping. The GCH clustering approach described in Chapter
3 is applied to clustering student data sets in RoughClust. The design of RoughClust
(Figure 4.1) offers teachers an alternative approach to group students based on their
similar prerequisite knowledge requirement. Using RoughClust, the teachers are
provided with the student groups’ characteristics, prior knowledge information, and
instructional materials related to each group requirement. Moreover, RoughClust is

designed to work online in order to facilitate teachers anytime and anywhere.
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Data Collection

Student test answers and performance level
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. A Prerequisite Concept
Domain prerequisite Test item-concept

concept relations Requirement Mapping

relations

Group members,

Prerequisite concepts required,
Instructional
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Figure 4.1 Architecture of RoughClust
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From the RoughClust architecture, the system requires input data which
must be provided by teachers as follows.

1. Data collection. Data is obtained from students’ answers of a test to
evaluate student background knowledge. Moreover, collection of student grade
records of the previous years is valuable to reflect their overall academic performance
level in interested subject. Data collection used in our experiment is presented in
section 4.2.1.

2. Data preprocessing and preparation. The data collected from students
must be preprocessed. The preprocessing is required since the data can be out-of-range
values, impossible data combinations, and missing values. Analyzing data that has not
been carefully screened for such problems can produce misleading results.
Preprocessing data and preparing input to RoughClust are presented in section 4.2.2.

From Figure 4.1, RoughClust performs three main modules: Data
Clustering, Cluster Selection, and Prerequisite Concept Requirement Mapping.
Moreover, RoughClust requires four knowledge bases which are Heuristic Rules for
Cluster Selection, Domain Prerequisite Concept Relations, Test Item-Concept
Relations, and an Instructional Materials database. Tasks of each module are as
follows.

1. Data Clustering. The student data set is clustered applying the GCH
clustering algorithms based on rough sets (Sonamthiang, Cercone, Naruedomkul,
2007; Sonamthiang, Naruedomkul, Cercone, in press) as described in Chapter 3. Using
the system to clustering a student data set is thoroughly guided by the user interface
illustrated in section 4.3

2. Cluster Selection. The hierarchical clusters provides various levels of
granular clusters and clusters at each level represent different degree of
specificness/coarseness, accuracy, coverage, and cluster size. Moreover, information
provided by the clusters includes boundary region and intra-cluster similarity.
Therefore, we use heuristics together with parameters from teachers to select
appropriate student clusters. Teachers can adjust parameters which are group size and
clustering accuracy threshold as desire.

3. Prerequisite Concept Requirement Mapping. Once student clusters are

discovered, RoughClust provides the clusters’ description which contains information
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about common knowledge error of each group. Therefore, we use the common
knowledge errors with the Domain Prerequisite Concept Relations for mapping to
granular prerequisite concept requirement of each group or individual student.
Moreover, once the group requirement is revealed, the instruction material specific for
the group requirement can be queried from the Instructional Materials database.
RoughClust was implemented using the JavaServer Pages (JSP) and Java
Servlet technology. The RoughClust clustering module runs at the server side and the
RoughClust databases were implemented deploying MySQL database management

system.

4.2 Input of RoughClust

4.2.1 Collecting student prior knowledge

Knowledge about student prior knowledge will be collected as we would
like to understand the student learning difficulty for treating each group of similar
students more suitable. In our study, student prior knowledge is acquired from two
sources which are prior knowledge testing and learning performance as described
below.

Prior knowledge: A test is used to assess student prior knowledge. The
test must be well design to be able to reflect student prior knowledge of the domain. In
our study, we experimented on data sets obtained from student prior knowledge testing
towards Fractions for primary level. Please see an example of a pretest in Appendix C.
A number of 89 students who were attending grade 4, 5, and 6 in academic year of
2010 participated in this study. This student test result is given as an information
system in Appendix B.1. The second group is students in grade 6 in the same school
but in different academic year. They were tested Fraction prior knowledge using the
same test as the first group. There are 30 students in this data set.

Learning performance: The student learning performance can be
gathered from the grade record from the previous semester or academic years in the
tested subject. If the student grade is not available, we use total score of the test to
grading student learning performance on the testing domain and use the grading as the

learning performance level in the same manner as using the grade record.
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User parameters: An objective of student clustering is to group students
who have similar learning problems in similar concepts with which the group
characteristics can be used to map for their learning needs. RoughClust produces a
hierarchy of student clusters which provides various levels of granular clusters.
Clusters at each level represent some degree of specificness/coarseness from space
cluster to indiscernible clusters. An important issue to hierarchical clustering analysis
is to determine which level of granularity is optimal to solve problems. Finding high-
quality clusters, the boundary region is low, may guarantee student clustering
granularity level as well as the relative size of clusters. Therefore, we recommended
the following heuristics to be used in selecting appropriate student clusters for further
mapping application:

1. Relative size of clusters: size of student clusters is depending on users’
(teachers and educators) preference. Small size of cluster (5-10 students) is more
advisable for arranging within class grouping instruction whereas cluster size = 1
represents individual student prior knowledge.

2. The accuracy threshold is defined by rough accuracy approximation
(please refer to definition 7, page 33 in Chapter 3). The value of rough accuracy is in a
range [0, 1].

RoughClust requires two parameters from the users to select appropriate
granular students clusters. The first parameter is the maximum group size that defines
the size of groups according to users’ desire in their group-based instruction planning.
The value of maximum group size parameter is an integer in the range [1, N] where N
is number of students in the data set. This parameter will be used in the Cluster
Selection Module to select the clusters that the number of clusters’ members is not
exceed this parameter and is in corresponding with the second parameter, the accuracy
threshold. Please note that the value of accuracy threshold is a decimal in the range
[0, 1]. The greater accuracy threshold, the more cohesive clusters are selected.

Once a student test and learning performance level are collected, teachers
can prepare input data to RoughClust by checking and scoring the student test and
store the test result in a data file for further use. However, it is possible to have

missing value or value out of range data in the data set. These characteristics of data
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can lead to incorrect clustering result. As a result, preprocessing and preparation tasks
are essential to provide best input to the system.

4.2.2 Data preprocessing and preparation

The test results and learning performance level are formatted in an
information system as an example shown in Table 4.1. The head columns or attributes
represent the student 1D, followed by the 16 test items and the performance level in the
last column. The attribute values for the student ID are nominal. The attribute values
for the test items are binary (0 or 1), 0 is incorrect and 1 is correct answer for each test
item. The performance level attribute is the decision attribute which is numeric values
of student performance level on the test ranging from level 1 to level 4, for instance.
Level 1 represents less performance and level 4 represents most performance
respectively. In this step, teachers should thoroughly check the data to avoid data

missing and data out of range.

Table 4.1 An example of information system for the student test results

@
% ol lom | b o |I~m |lo |lo |[© |2 | [0 | |10 |© § ©
2/3) 2 lololcolojo|lco|lclololalalalala ol 5 3

5

o
401 1 1[1[1[o0o[1[1]o0]0] 1] 0] 1] 1] 0] 0[O 3
402 0| 0| 0] 1] 0] 0] 1] 0] 1] 0] 1] 0] 1] 0] 0] 0 2
403 0| 0| 0] 0|]0|]0]0|0]O0]O0[O0] 1] 0] 0] 1] 0 1
404 0| 0| 0| 1] 1] 0] 0] 0] 1] 0] 0] 0] 1] 0] 1] 0 2
405 0| 1| 0] 1] 0] 0] 0| 0] 0| 0[O0 1] 0l O] 1[0 1

In practical, an information system can be stored using the comma-
separated values (CSV) file format for reuse. A CSV file simply represents values of
tabular data by using lines in a text file to represent rows in a table, and commas
separate the columns. Formatting a CSV file is an illustrated in Figure 4.2. Then users

can save the information system as an input data file: FILENAME.csv.
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RoughClust requires the data description to check the data consistency of a
data set. Therefore, a description for the data set must be defined. In RoughClust, the
description file’s extension is FILENAME.fmf where FILENAME is the same as the
data file. The description file is formatted as shown in Figure 4.3. In the first row, X
represent objects, followed by column name, data type, number of objects, and the
object identity list. The next rows represent each conditional attributes C, followed by
column name, data type, number of possible values, and list of all possible value of the
conditional attribute. In the last row the decision class is represented by indicating
“class” as column name, followed by data type, number of possible classes, and list of

all possible classes.

401,1,1,11,0,1,1,0,0,1,0,1,1,0,0,0,3
402,0,0,0,1,0,0,1,0,1,0,1,0,1,0,0,0,2
403,0,0,0,0,0,0,0,0,0,0,0,1,0,0,1,0,1
404,0,0,0,1,1,0,0,0,1,0,0,0,1,0,1,0,2
405,0,1,0,1,0,0,0,0,0,0,0,1,0,0,1,0,1
406,1,0,0,1,0,0,0,0,1,0,0,1,1,0,1,0,2

Figure 4.2 An example of the comma separate value file

<X 0 ColumnName DataType Number_n value#1 value#2.... value#n>
<C 0 ColumnName DataType Number_i value#1 value#2.... value#i >
<C 0 ColumnName DataType Number_j value#1 value#2.... value#j >
<C 0 ColumnName DataType Number_k value#1 value#2 ...value#k >

<D 0 class DataType Number_d value#1 value#2...value#d>

Figure 4.3 Description of a data set stored in *.FMF extension

A concrete example of a data set description is given in Figure 4.4. In the
first line, the description shows that this data set contains 27 instances of students and
each student label (student ID) is listed after the number (e.g., 601 to 629). The

consequence lines represent each conditional attribute (indicated by C), e.g. named
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item1, and the data type of this attribute value is treated as string (S). There are two
possible values of this condition attribute which are 0 and 1. The last line indicates the
class or decision attribute. In this data set, the decision attribute is the student learning
performance level. There are 4 possible attribute values of the decision class which are

1, 2, 3, and 4 respectively.

<X 0 Students S 27 601 602 603 604 605 606 607 608 609 610 611 612
613 614615616617 618 619 620 621 622 623 624 625 627 629>
<COitem1S201>

<COitem2S201>

<CO0item3S201>

<DO0OclassS41234>

Figure 4.4 An example a data set’s description

In addition to the data set information system and the data description,
RoughClust also requires the user to define the domain dependency of the attributes,
or attribute dependency. The attribute dependency will be used by the Data Clustering
Module in attribute selection for multilevel partitioning the student data. Our data set
is taken from a pretest which each item of the test is treated as a conditional attribute.
Therefore, the attribute dependency can be defined by the attributes orders of the
domain prerequisite relationships of concepts. User can use a text editor to define the
attribute dependency as the following. In the first line, a list of items’ name separated
by a comma (,) represent items that are related to the most general concept. Then, use
a line feed to separate the more specific concepts in the latter lines. The domain
dependency is then saved as FILENAME.coa to be input to RoughClust. An example
of the attribute dependency for the pretest in Appendix C is given in Figure 4.5. In the
first level partitioning, RoughClust will take iteml and item13 to consideration

followed by item2 and item3 for the second level partitioning and so on.
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item1,item13
item2,item3
item4,item9
item10,item11
itemb5,item7
item6,item8
item15,item16
item9

item12

Figure 4.5 An example of attribute dependency of a pretest

4.3 User interface design

In designing user interface of RoughClust, we focus on simplicity of use
and extendibility of the knowledgebase. RoughClust also allows users to flexibly
adjust their input parameters which are cluster size and acceptable accuracy threshold.
Graphical user interface for using RoughClust in clustering a student data set is
presented in Section 4.3.1. Then, interpretation of the output from RoughClust is
clarified in Section 4.3.2. In addition to clustering, users can easily modify, maintain,
and extend databases in RoughClust which are the concepts, the concept prerequisite

relationships, and instructional material database as described in Section 4.3.3.

4.3.1 User interface for student clustering and prerequisite concept

requirement mapping

Once the input data is well prepared, users can use RoughClust online by
firstly login to RoughClust as shown in the welcome page in Figure 4.6. This welcome
page contains an introduction to RoughClust and its documentation. The user can
download RoughClust’s documentation without logging in to the system. Once the
user logged in, then the user can cluster a student data set by the following steps
(Figure 4.7).

1) Select a pretest that is already stored in the Domain Prerequisite
Relation database in RoughClust. If the pretest does not exist, the user must define the
pretest in Section 4.3.3.
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2) Upload the input data (FILENAME.csv), the data description
(FILENAME.fmf), and the attribute dependency (FILENAME.coa) to the system.

3) Set user’s parameters which are maximum cluster size and accuracy
threshold.

4) Process student clustering and prerequisite concept requirement

mapping by clicking the “Process” button.

$S: UUD’PH’UﬂUﬂIS'EJUCHUHO'IUQiW@U'IU

Roqgh_cl'_u_.sf: \a \sl‘u_d_enr \c{usfer:n g .l;c:n_d |prerequisite (conceptirequirementimapping ni‘_o.o.f

an 'IU—UUO_C?ﬂSSU!S‘?E:’UQh Un1dnenaeurnoa

User login

sEuudLun TS EURINRTY mgwusm w3a RoughClust sz
MR 9 TuunGou wiaufEunsassymizua g
ananslsrnaunisaay LJu‘Uamuuuﬂnﬁm uaz uu,ma au H w
Baungusieg auAusHus uYaln Gy i

»  Aiansiy RoughClusl

Introduction to RoughClust

RoughClust’s Documentation

Figure 4.6 RoughClust’s welcome page
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RoughClust: a student clustering \and | prerequisite ,concept requirement,mapping ifool

guS UMIINENasuRaa

Clustering button

wilnAdug tanaisilsznau

Select the pretest

P
fluddauiuaa admin

\dandaaay

ld FMF C:\Users\User\Desktop\App\App\Jarite:  Brgwy

ld G5V C:\Users\User\Desktop\App\App\Jarie:  Be Upload inputs
Wd coA C:\Users\User\Deskiop\App\App\Jarite:  Brgwse...

—

Process button

Fununafiaauasusaznan 5
sanugndasizansuls(0-1) 0.8 Set parameters

Copyright © Mahidol University. All Rights Reserved. | by Sumalee Hengyodmak

Figure 4.7 The input window to upload input data sets and define parameters
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The user is then obtained output from RoughClust as depicted in Figure
4.8. The output contains number of groups obtained and detail of each group

characteristics and requirement. The group’s characteristics comprise of the following

four sets:

1) a list of students’ IDs who are assigned to the group,

2) a list of common concepts that are incorrectly answered by the student
in this group,

3) a list of the prerequisite concepts required for this group, and
4) a list of instruction materials that is prompt for the teacher to download
and print in order to use in planning the group instruction. An example of a

instructional material is shown in Figure 4.9.

2\ (SUURIIUNUNISEUAIUAILSIWUDIU

RoughClust: a student.clustering .and |prerequisite .conceptirequirement imapping itool

Clustering button SEUS UH1dnenaauiaa

—
7 Q
- ) tanaisdsznay siluvuasgay Himmaa

There are 29 students in this data set and the students are assigned into six groups:

fudsiauiuAu: admin

Group 1 : Student ID {601, 603, 606, 605}
They have learning difficulty in learning concept {C1, C2, C4}.
They require prerequisite concept (C7, C8)

The followings are handouts, exercises, and test for this group.

Group 2 : Student ID {611, 615, 617, 620}
They have learning difficulty in learning concept {C2, C3, C4}.
They require prerequisite concept (C6, C8)

The followings are handouts, exercises, and test for this group.

Figure 4.8 An example output of RoughClust (translated from Thai to English)
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Figure 4.9 An example handout for teaching comparing fractions

4.3.2 Output interpretation

The output from RoughClust contains information in four aspects for the
teachers which are: students’ groups, group-based learning difficulty, prerequisite
concept requirement, and instruction materials. From Figure 4.10, teachers can
interpret the output as described using an illustrative example as follows.

1) Students’ groups: this information indicates number of groups derived
from all students in the input data set. Moreover, the group contains a list of each

student as a group member by student ID (or name as indicated in the input data). For
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example, there are six groups obtained from clustering 29 students. In Group 1, there
are four students in this group which their student IDs are 601, 603, 606, and 605.

2) Group-based learning difficulty: this information shows the common
learning difficulty of the concepts that the students in the group perform errors or
incorrectly answer the related test items. It comprises of the list of concept names
which are related to the incorrect items. For example, students in Group 1 have
common learning difficulty in concept C1, C2 and C4 respectively.

3) Prerequisite concept requirement: in addition to group based common
learning difficulty, RoughClust also provides the teachers with a list of prerequisite
concepts. It is advisable that the students in the group must review these prerequisite
concepts in order to learn the concepts that they have learning difficulty. For students
in Group 1, their prerequisite concepts C7 and C8 required.

4) Instruction materials: to facilitate teachers, RoughClust suggests
various instruction materials suitable for each group learning difficulty and
prerequisite concept requirement. Teachers can get the instruction materials in just one

click for a handout, exercise, and test to use in their instruction planning.

4.3.3 Extending RoughClust’s knowledgebase

RoughClust knowledgebase is extendable. Thus, domain knowledge of
RoughClust is not only limited to Fraction for primary student level. Users can add
new concepts, modify the existing concepts, and create prerequisite relationships
between the concepts. Moreover, the user is also allowed to extend and modify the
instruction material database. This section describes step by step of how to extend
RoughClust’s knowledge base.

4.3.1.1 Adding and modifying a concept and defining a

group of concepts

If the user desires to add a more basic concept, for example
“comparing two numbers” concept, the user can firstly click on the “Defining
concepts” button on the top menu. Secondly, clicking on the “Create a new concept”
menu will navigate the user to the screen in Figure 4.10. Three information about the

new concept are required which are the concept group’ name, the new concept ID, and
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its description. The new concept must have its own group in order to define its
requisite relations. Then, the user clicks on the save button to create the new concept

and store in the Domain Concept Relations database.

Defining concept s quirementimapping tool
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BLEEELE AaSpudsudnnuiuhidiuniugy
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fmuRAudURUTIaIMIE

Create a new concept
ANg

MY b A T TR TR R ] J =
K oo save button @m

Figure 4.10 The screen to add a new concept to the knowledgebase

information

If the user wants to create a new group of concepts called
“unit”, he can select “create a new unit” menu. A new unit cannot be created without
having no concept inside. Then, similar to creating a new concept, the user must enter
the new unit name, the new unit ID, and its description. Figure 4.11 shows an example
of “Fraction for grade 4 unit” after it was created. This unit is composed of six
concepts which are meaning of fraction, reading fractions, writing fractions,
comparing fractions with the same denominators, sequencing fractions with the same

denominators, and adding and subtracting fractions with the same denominators.
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Figure 4.11 A learning unit “fraction for grade 4” and its composition of six concepts

4.3.1.2 Creating the concept relationships

Users can define the prerequisite concept relations for a
specific concept by selecting “creating concept relationships” menu, and then
choosing the existing concepts to add or modify prerequisite concepts. For example, in
Figure 4.12, the concept “comparing fractions with the same denominators” is selected
to defining its prerequisite concepts. All the concepts in the same concept’s groups are
shown to the user to select what are prerequisite concepts of “comparing fractions with
the same denominators.” The user can select a check box to include a particular

concept as a prerequisite concept and click “save” button to create the relationships.



Sumalee Sonamthiang RoughClust: A Student Clustering and / 62
Prerequisite Concept Requirement Mapping Tool

AAAC

A S UURMUMLMISE

RoughClust:\a student.cluster

ATUUAAFY

fudisausuam: admin The concept name

ar . da w o . a
TnSadnAuARaIuNdadwvinAY

o nauwihoaNg creating concept

AmuanIIANYTa

o w = o &
p U aILEUAaURIY
AU

relationships menu
n AUNIMUIEAINUS

K aEFamieanushni szeuznl.3 - nnswn au CLR' T szduzul3

MMuaRT NN UsIaMmie
Qg

TN
Defining a prerequisite

asaadulhiduniuau r

& LR L Y P TR TR
ATUY

Arswantad I bitiuniouau r

concept

Asmsdwbiviun fousu r

mMsuEauiauua uFoesnduduauly v

szaurnl4 - e smenr 4

ASUIN ATARUAEIUT T E VI r

nsauLATE Y r

szaunml6 - 1euEIu sz 1.6

Asenilun1sFuILATE Y r
sudinunaAioniugiaeaiy r
Asilipwanduluginatiay r
wWizuisuussioodduwtau —

Figure 4.12 An example of defining prerequisite concepts for a concept

4.3.1.3 Adding a new pretest and defining item-concept

relationships

RoughClust allows the user to store pretests and its domain
dependency of item-concept relationships for reuse. Therefore, the user can add and
define a new pretest by selecting the “pretest specification” button from the top menu
and then select the “create new pretest” button from the left menu. The user will be
presented by a screen to define the pretest’ category, name, the printout file directory,
number of items, and the test description as depicted in Figure 4.13. Clicking on the

“process” button, the new pretest is created and the user will be navigated to the next
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screen in Figure 4.14. This screen shows a table which represents each item of this
pretest in the head column and each concept to be tested in each row. User can click
on the check boxes to indicate the item-concept relations which define the concepts
that affect answering the test items. These relations are used by RoughClust’s
Prerequisite Concept Mapping module.

-

Pretest specification
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Figure 4.13 The screen to define the pretest.
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Figure 4.14 The screen to define relationships amongst test items and concepts
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4.3.1.4 Instruction material database management

Users can add and modify RoughClust’s instruction material
database by selecting the “instruction material” button on the top menu. Then, the user
is presented by list of existing instruction materials as shown in Figure 4.15. To add a
new instruction material, please select “add new material” on the left menu. The user
is then presented by a screen to indicate (Figure 4.16) the new material’s name, group
of related concepts, instruction material types (handouts, exercises, and tests) and the
printout file directory to be uploaded. Click “save” button to store the new material in
RoughClust database for further use and share with other users of the system. In
modifying an instruction material, please click on “modify” button in Figure 4.15, then
the user will be presented by the screen in Figure 4.16 once again to modify its
contents as desire.
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Figure 4.15 The screen to manage the instruction material database
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Figure 4.16 The screen to add content to the instruction material database

This chapter summarizes the design and implementation of RoughClust, its
user interface, how to interpret the output, and how to extend RoughClust’s knowledge
base. The next chapter presents the evaluation and experimental results of the GCH
clustering approach and RoughClust in respect of student clustering, student learning

improvement and the user satisfaction.
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CHAPTER V
EVALUATION OF GRANULAR CONCEPT HIERARCHY
CLUSTERING AND ROUGHCLUST

This chapter presents evaluation of our GCH clustering approach and its
education application, the RoughClust. In Section 5.1, we present evaluations of the
cluster obtained from our GCH clustering approach using an artificial data set from the
UCI Machine Learning Repository (Frank & Asuncion, 2010) which is hierarchical
structured in nature. Next, we evaluate quality of clusters obtained from our algorithm
for learning higher order rules. Then in Section 5.2, we discuss the evaluation of
RoughClust specifically as a tool for teachers to acquire student groups and their prior
knowledge regarding a teaching domain. We also present an experiment on student
learning improvement after applying the “within class grouping” from RoughClust
results in this section. Finally, an evaluation of user satisfaction is presented in Section
5.3.

5.1 Evaluation of rough set-based granular concept hierarchy

clustering

5.1.1 Evaluation of clusters

To evaluate the quality of clusters obtained from a clustering algorithms,
two dimension of measurements are commonly used which are an internal evaluation
and external evaluation. The internal evaluation is to measure the similarity of objects
within clusters. Therefore, internal measurement prefers algorithms that produce high
similarity within a cluster and low similarity between clusters. Examples of internal
measurement are Davies—Bouldin index (Davies & Bouldin, 1979) and Dunn index
(Dunn, 1973). These internal evaluations are used to cluster validity for measuring
goodness of a clustering relative to others created by other clustering algorithms, or by
the same algorithms using different parameter values. These measurements are the
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calculations of distance matrices; however, the degree of inclusion based on accuracy
of clustering is not considered. As a result, in our study, the accuracy of rough
approximation as defined in Chapter 3 (page 34, Definition 7) is used to determine the
internal evaluation of a cluster.

In addition to the internal evaluation, it is required for a clustering
algorithm to measure how accuracy the clustering is to the predetermined classes.
There are various methods to cluster external evaluation such as F-measure, the
Jaccard index (Jaccard, 1912), Rand measure (Rand, 1971). In rough set paradigm,
semantic cohesiveness measurement of a cluster or information granule can be defined
as rough inclusion functions. Pawlak & Skowron (2007) presented the standard rough
inclusion (SRI) function v: P(U) x P(U) =*[0,1] to define the degree of inclusion of
Xin ¥ where X,¥ € UZ The SRI function is defined by:

Verr = | X] (5.1)

Some illustrative example is given in Table 5.1. In case 1, set X belongs to set Y by the
Vsr) =0. It indicates that X does not belong to Y. For case 2, Vsg =0.25 which indicates
that there is a probability of X belongs to Y = 0.25. Therefore, the smaller Vg,, the
more degree of distinct clusters is reflected.

Skowron, Stepaniuk & Swiniarski (2011) suggested that more work
especially on inclusion of granule with complex structure should be more studied, in
particular for granular neighborhoods. In evaluation of GCH clustering, we use the
SRI function to measure the semantic cohesiveness of a single cluster at each level of

the hierarchy towards the external evaluation.

Table 5.1 Illustration of standard rough inclusion function

Case X Y Vsgi
1 fx1,x3,x7,x8} {x2,x4,x5,%6,x9} 0
2 fx1,x3,x7,x8} fx1,x2,x4,x5,%x6,x9} 0.25
3 fx1,x3,x7,x8} fx1,x2,x3,x7,x8} 1
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Besides the internal and external evaluation, the structure of the
information granule must be also evaluated towards its structure and applicability by
the users. For hierarchical clustering, heuristics are required to determine and evaluate
the hierarchical clusters (Jonyer, Cook & Holder, 2001).

5.1.2 Heuristic evaluation of hierarchical cluster quality
In 2001, Jonyer, Cook and Holder studied a graph-based hierarchical
conceptual clustering and their clustering system SUBDUE was implemented. From
their experience in SUBDUE, the authors suggested the “properties of a good
clustering” to apply with heuristics evaluation of the cluster hierarchy as follows.
Properties of a good clustering:
1) Small number of clusters
= Large coverage provides good generality.
2) Big cluster descriptions
= More features provide more inferential power.
3) Minimal or no overlap between clusters
= More distinct clusters provide better defined concepts.
We evaluate and discuss the hierarchical structure obtained from the GCH

clustering approach based on these heuristics in Section 5.1.3.3.

5.1.3 Experiment and results

We divided the experiment to evaluate our clustering approach into two
aspects. Firstly, we validated the hierarchical clustering using the animal data set. Not
only the internal and external cluster quality but also the physical properties of the
cluster hierarchy were evaluated. Secondly, we measured quality of clusters obtained
from our algorithm for learning higher order rules. In addition, the importance of
higher order rule is clarified.

5.1.3.1 Cluster internal evaluation by accuracy of rough
approximation
The structured data set used in the experiment is the animal

data set from the UCI machine learning repository (Frank & Asuncion, 2010) with the
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label Zoo. See Appendix C for this data set and its description. This data set contains
101 objects, 17 condition attributes and one decision attribute. The condition attributes
include 16 Boolean valued attributes and a numerical attribute. The decision attribute
contains 7 classes of animal type. There is no missing value in this dataset.

Part of the animal taxonomy obtained from GCH clustering
algorithms is shown in Figure 5.1. The indentation represents level of granularity
horizontally. A cluster is named beginning by the letter G, followed by an underscore

_” to remarks level of granularity and a number representing the cluster order. After
the cluster’ name, there is a set of members (animals) that belong to this cluster. For
instances, the animal that belongs to the cluster G_3 2 1 are sole, seahorse, and
haddock.

In our experiment, the animal data set clustering by the GCH
approach gives the accuracy of rough approximation as shown in Figure 5.2. Please
note that users can search for the maximum accuracy of rough approximation to obtain
the best accuracy in prediction the decision class. If the accuracy of rough
approximation reaches 1, the cluster’s properties can be used to generate rules for
classification task with 100% accuracy as well. For example, the granule “G_3 2 =
TARGET(G_3_2) = 4; ACCURACY (G_3_2) = 1.0;” from Figure 5.2 indicates that
animal in this clusters are classified into the same target concept 4. Moreover, its
accuracy of rough approximation is 1.0. As a result, the GCH clustering approach

presents the best accuracy on clustering towards the decision class as the user desire.
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G_3 = {bass, catfish, haddock, sole, tuna, slowworm, carp, toad, herring, frogl, seahorse, tuatara, pike,
frog2, dogfish, piranha, seasnake, chub, tortoise, newt, pitviper, stingray};
G_3 1 ={seasnake};
G_3 2 = {dogfish, tuna, catfish, piranha, herring, pike, sole, bass, seahorse, haddock, stingray,
carp, chub};
G_3 2 1 ={sole, seahorse, haddock};
G_3 2 2 ={carp};
G_3 2 3 ={piranha, tuna, catfish, pike, dogfish, bass, herring, chub};
G_3 2 3_1={tuna, pike, dogfish};
G_3 2 3 2 ={bass, herring, piranha, catfish, chub};
G_3 2 4 ={stingray};
G_3 3 ={frog2, toad, frogl};

Figure 5.1 A part of the animal taxonomy

G_3=TARGET(G_3) = 4, ACCURACY(G_3) = 0.59090906;
G_3 1= TARGET(G_3 1) = 3; ACCURACY(G_3_1) = 1.0;
G_3 2 =TARGET(G_3_2) = 4; ACCURACY (G_3_2) = 1.0;
G_3 3 =TARGET(G_3_2) =5; ACCURACY (G_3_2) = 1.0;

Figure 5.2 The rough accuracy approximations of some granular clusters from the

animal taxonomy

We compare our approach with three algorithms implemented
in the Weka data mining tool (Hall, Frank, Holmes, Pfahringer, Reutemann, &
Witten, 2009) which are COBWEB (Fisher, 1987), EM (Dempster, Laird, & Rubin,
1977), and HierarchicalClusterer. Each algorithm clusters the same data set, the animal
data set. The classes to clusters evaluation option provided in Weka is used to
evaluate the accuracy of the clustering algorithm. The classes to clusters evaluation
result for each algorithm is presented in Table 5.2. From the table, the EM algorithm
produces the highest accuracy clustering results while COBWEDB generates the highest
errors.

The COBWEB, EM, and HierarchicalClusterer clustering
algorithm did not offer fair results in classification task for this data set. One of the
causes to this problem is that these algorithms take into account only the distribution
of attributes’ values and distance between clusters. However, the attribute dependency
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and attribute selection (using reducts and core attributes) are not considered in their
clustering.

Table 5.2 Classes to clusters evaluation of hierarchical clustering algorithms
implemented in Weka

Clustering algorithm Number of Incorrect Accuracy

incorrectly clustered clustering ratio

instances
COBWEB 60 59.41 % 40.59%
EM 34 33.66 % 66.34%
HierarchicalClusterer 59 58.42 % 41.58%

5.1.3.2 Cluster external evaluation by standard rough
inclusion function
From the animal data set clustering using the GCH algorithms,
the Vgg for clusters in the same level of granularity (or siblings) is 0 since there is no
overlap between clusters allowed by the algorithm. However, the sibling clusters share
their common features in their parents granular description language. Therefore, the
Vsgr) Of a cluster and its parent granule is 1.
From a part of the animal taxonomy in Figure 5.1,
G3_1={seasnake},
G3_2={ dogfish, tuna, catfish, piranha, herring, pike, sole, bass, seahorse,
haddock, stingray, carp, chub}, and
G3_2 1 ={sole, seahorse, haddock}.
Therefore, Vsg (G3_1, G3 2) = 0 and Vsg (G3 2 1, G3 2) = 1. The Vg (G3_1,
G3_2) = 0 means that, at this level of granularity, the animal in G3_1 is totally distinct
from G3 2. Vsr (G3 2 1, G3_2) = 1 represents the inclusion degree in which
G3_2 1issubset of G3_2.
In addition to distinction cluster evaluation, the GCH
clustering algorithm deals with uncertainty instances in clustering by allowing a

cluster to have boundary region. For example in Figure 5.3, newt is included in the
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boundary region of cluster G_3_4 which means that it is uncertain to classify newt into

the target concept = 3.

G_3_4 = {newt, pitviper, tortoise, slowworm, tuatara};
DES(G_3_4) = {eggs(1), breathes(1), domestic(0), tail(1), fins(0)};
TARGET(G_3_4) = 3;

ACCURACY (G_3_4)=0.8;

BOUNDARY(G_3_4) = {newt};

Figure 5.3 A cluster description obtained from the GCH clustering system

In summary, all granular clusters produced by the GCH
clustering algorithm presents good quality of cluster external evaluation by the SRI
function since there is no overlap clusters. Moreover, the GCH is capable of defining

the uncertain instances of a cluster using the rough set boundary region.
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G1: [squirrel, fruitbat, vampire, hare, vole, mole, opossum, cavy, hamster, seal, gorilla, aardvark, bear, dolphin, porpoise, wallaby, sealion, platypus, antelope,
buffalo, deer, elephant, giraffe, oryx, boar, cheetah, leopard, lion, lynx, mongoose, polecat, puma, raccoon, wolf, mink, girl, calf, goat, pony, reindeer, pussycat}
G11: {fruitbat, vampire }
G12: {platypus}
G13: {squirrel, hare, vole, mole, opossum, cavy, hamster seal, gorilla, aardvark, bear, wallaby, sealion, antelope, buffalo, deer elephant ,giraffe, oryx ,
hoar ,cheetah ,leopard .lion ,lynx ,mongoose, polecat, puma ,raccoon, wolf, mink, girl, dolphin, porpoise, calf, goat, pony, reindeer}
G131: {dolphin, porpoise}
G132: {squirrel, hare, vole, mole, opossum, cavy, hamster, seal, gorilla, aardvark, bear, wallaby, sealion, antelope, buffalo, deer, elephant,
giraffe, oryx, boar, cheetah, leopard, lion, lynx, mongoose, polecat, puma, raccoon, wolf, mink, girl calf, goat, pony, reindeer}
G1321: {squirrel, gorilla, wallaby, girl, hare, vole, cavy, hamster, antelope, buffalo, deer, elephant, giraffe, oryx, calf, goat, pony,
reindeer, mole, opossum, aardvark, bear, boar, cheetah, leopard, lion, lynx, mongoose polecat, puma, raccoon, wolf, pussycat}
G13211: {hare, vole, antelope, buffalo, deer, elephant, giraffe, oryx, mole, opossum
aardvark, bear, boar, cheetah, leopard, lion, lynx, mongoose, polecat, puma, raccoon, wolf}
G132111: {mole, opossum, boar, cheetah, leopard, lion, lynx, mongoose, polecat, puma, raccoon, wolf}
G132112: {aardvark, bear]
G132113:{hare, vole, antelope, buffalo, deer, elephant, giraffe, oryx}
G13212: {squirrel, gorilla, wallaby}
G13213: {girl}
G13214: {cavy, hamster, calf, goat, pony, reindeer, pussycat}
GI321411: {cavy}
G1321412: {hamster calf goat pony reindeer}
G1321413: {pussycat}
G1322: {seal, sealion}
G1323: {mink}
G2: [chicken, dove, duck, lark, parakeet, pheasant, sparrow, wren, kiwi, crow, gull, hawk, skimmer, skua, ostrich, flamingo, swan, penguin, rhea, vulture}
G21: {lark, pheasant, sparrow, wren, duck, kiwi, crow, hawk, gull, skimmer, skua}
G211: {kiwi}
G212: {lark, pheasant, sparrow, wren, duck, crow, hawk, gull, skimmer, skua}
G2121: {lark, pheasant, sparrow, wren, crow, hawk}
G21211: {lark, pheasant, sparrow, wren}
G21212: {crow, hawk}
G2122: {duck, gull, skimmer, skua}
G21221: {duck)
G21222: {gull, skimmer, skua}
(G22: {chicken, dove, parakeet}
G23: {ostrich, flamingo, swan, rhea, vulture, penguin}
G231: {ostrich, flamingo, rhea, vulture}
G2311: {ostrich, rhea}
G23111: {ostrich}
G23112: {rhea}
G2312: {flamingo, vulture}
G23121: {flamingo}
G23122: {vulture}
(G232: {swan penguin}
G2321: {swan}
G2322: {penguin}
G3: [pitviper, seasnake, slowworm, tortoise, tuatara, carp, haddock, seahorse, sole, bass, catfish, chub, dogfish, herring, pike, piranha, stingray, tuna, frog,
frog, newt, toad}
G31: {bass, carp, catfish, chub, dogfish, haddock, herring, pike, piranha, seahorse, sole, stingray, tuna}
G311: {carp, haddock, seahorse, sole}
(G312: {bass. catfish. chub, herring, piranha, dogfish. pike, tuna}
G3121: {bass, catfish, chub, herring, piranha}
G3122: {dogfish, pike, tuna}
G313: {stingray}
G32: {pitviper, slowworm, tortoise, tuatara}
G33: {seasnake}
G34: {frog, frog. newt, toad}
G341: {frog, newt]
G3411: {frog)
G3412: {newt}
G342: {frog}
G343: {toad}
G4: {flea, termite, gnat, honeybee, housefly, ladybird, moth, wasp, clam, scorpion, slug, worm, crab, crayfish, lobster, octopus, seawasp, starfish}
G41: {clam, scorpion, slug, worm, crab, crayfish, lobster, octopus, seawasp, starfish, flea, termite}
G411: {seawasp, starfish, flea, termite, slug, worm, crab, crayfish, lobster, clam}
G4111: {flea, termite, slug, worm}
G41111: {flea, termite }
G41112: {slug worm}
G4112: {seawasp}
G4113: {starfish, crab, crayfish, lobster, clam}
G41131: {clam}
G41132: [starfish, crab, crayfish, lobster]
G411321: {crab]
G411322: {starfish)
G411321: {crayfish, lobster}
G412: {scorpion}
G413: {octopus}
G42: {gnat, ladybird}
G421: {gnat}
G422: {ladybirdl}
3: {housefly, moth, wasp}
G431: {housefly, moth}
G432: {wasp]
G44: {honeybee}

G:

e

Figure 5.4 The animal taxonomy obtained from the rough set-based GCH clustering
approach.
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5.1.3.3 Hierarchy cluster structure evaluation
We constructed a GCH for the animal data set as shown in
Figure 5.4 (Sonamthiang, Cercone & Naruedomkul, 2007). Our hierarchy meets
properties of good clustering as suggested by Jonyer, Cook & Holder (2001) as
described as follows.
1) Small number of clusters
= Large coverage = good generality. This is considered as a good
property of a clustering approach because less number of
clusters is simpler where the clusters remain large coverage and
distinct clusters. Number of clusters obtained from our approach
may vary at different level of granularity. As a result the
approach provides users the number of clusters as the user
desires.
2) Big cluster descriptions
= More features = more inferential power. Our system provides
another output file dedicated for cluster description. The cluster
description is rich information since it contains information
about the cluster’s members (extension), common properties
(attributes and the attribute values), the target concept (class),
lower approximation, rough accuracy, and the members of the
boundary region. An example of a cluster description is
illustrated in Figure 5.4.
3) Minimal or no overlap between clusters
= More distinct clusters = better defined concepts. The cluster
obtained from our approach is clearly defined which is no
overlap between two clusters is allowed. Moreover, the
uncertainty of being included in a cluster is defined by rough set
boundary region.
As a result, the hierarchy structure produced by our GCH
clustering algorithm offers all good properties as a hierarchical clustering approach

should accommodate.
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5.1.3.4 Learning higher order rules from the granular

concept hierarchy

To prove the usefulness of a GCH clustering, we adopted high
order decision rules learning from the GCH structure obtained from the clustering.
Definition of higher order rules are introduced by (Yao, Zhou & Chen, 2007). A
higher order rule expresses connections of different objects based on their attribute
values. An example of a higher order rule is: "If object x is related to object y with
respect to an attribute set a, then x is related to y to another attribute set b." The
authors recommended mining of higher order rules from a transformed decision table
which an entity is a pair of objects from the original table. However, transforming the
n objects table generates nl/((n-2)!*2!) pairs of objects. We present an alternative
approach to extract higher order decision rules from a GCH which no transformation
process is required.

From the animal taxonomy, there can be several groups of
animals that hold the same attributes' values in a subset of condition attributes. For
example, there are 6 groups of animals clustered by attribute set {C;E;J;K} which are
Feathers, Milk, Backbone, Breathes respectively. These attributes draw a concept of
mammal when C =0; E=1;J =1, and K = 1. The concept of bird is drawn when C =
1;E=0;J=1, and K =1, the concept of amphibian is formed by C=0;E =0; J =1,
and K = 1. The arthropod (bug) concept is formed by C=0; E=0;J =0, and K = 1.
The concept of fish is formed by C =0; E=0; J =1, and K = 0. The concept of being
crustacean is formed when C = 0; E =0; J =0, and K = 0. As a results, the common
attributes can be used to obtained higher order rules.

Once the hierarchy is obtained, a depth first tree search is
performed to find the maximum level of accuracy of each branch. The high order rules
are obtained from the conjunctive connection of granular concepts' intensions along
the visited branches of the hierarchy, for example, the animal taxonomy. The concept
descriptions of the animal groups are used to generate the high order rules.

The extracted higher order decision rules for the animal data
set given in Table 5.3 is from our previous research in Granular Concept Maps
(Sonamthiang, Naruedomkul & Cercone, 2012). Number of conjunction shows the

level of hierarchy, starting from level 0 at the root. The high order rules are applied to
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the total of 5,050 pairs of animals and there are 1,177 pairs of animals that are belong
to the same class. In this experiment, we apply a measurement of rules' accuracy and
coverage to evaluate the higher order rules quality. The rules' accuracy and coverage
are defined as (Tsumoto, 2002):

|@(premise A conclusion)] (5.2)
accuracy(premise — conclusion) = : )
|@ (premise))|
| (premise A conclusion)| (5.3)

coverage(premise — conclusion) = 50 usion)|
conclusion

where ¢(g) is the granule's extension and |X| denotes the cardinality of the set X. The
results of the rules' accuracy and coverage are shown in the second and the third
column of Table 5.3, respectively.

We discuss the interestingness of the high order decision rules
as follows. High order rule is the type of knowledge in more abstract level. This
knowledge should be firstly applied to solve a problem. Naturally, given two animals,
one can differentiate them by the concepts, not by the detailed of each attribute value
if not necessary. The high order rules provide the concepts upon the domain which the
rules can be applied for only some groups. The rules obtained from our approach have
much higher accuracy degree than the coverage degree. This is because of the tree
traversal searches for the maximum accurate level of each branch, where their children
do not have smaller boundary regions than the parents. Once the target granules are
found, the granules' language can be used to express the connections between objects
in the same granule directly. The connections are multi-dimension which reflect the
relationships between attributes in the attribute subset (e.g. dependencies) and also the
relationships between the condition attribute subset and the decision attribute. On the
other hand, if one prefers the rule with higher coverage degree, the bread first search

for the coarser granules can be achieved.
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Table 5.3 Accuracy and coverage measurement of high order rules generated from the

animal hierarchy

Rules Accuracy | Coverage
Rule 1: 0.956 0.979
IF animals have the same values in condition attribute
{C;E; J; K}
THEN they are in the same class of {R}
Rule 2: 0.972 0.209
IF animals have the same values in condition attributes
{C.E; J; K}

and animals have the same values in condition attributes
{B; D; F; H; I; M; O; P}
THEN they are in the same class of {R}

Rule 3: 1.000 0.266
IF animals have the same values in condition attributes

{C;E;J;}

and animals have the same values in condition attributes

{D; L; M; P}

and animals have the same values in condition attributes
{B;F; G; I;N; O}
THEN they are in the same class of {R}

Rule 4: 0.961 0.293
IF animals have the same values in condition attributes

{C;E; J; K}

and animals have the same values in condition attributes

{D; P}

and animals have the same values in condition attributes

{G; I; M; Q}

THEN they are in the same class of {R}

Rule 5: 0.988 0.562
IF animals have the same values in condition attributes

{C.E; J; K}

and animals have the same values in condition attributes

{F}

and animals have the same values in condition attributes

{B; D; M; O}

THEN they are in the same class of {R}

Rule 6: 0.998 0.534
IF animals have the same values in condition attributes

{C;E; J; K}

and animals have the same values in condition attributes
{B; D; I; L; M; N; O}
THEN they are in the same class of {R}
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5.2 Evaluation of RoughClust

This section presents student clustering and prerequisite concept
requirement mapping features of RoughClust in Section 5.2.1 . Section 5.2.2 show an
experiment and evaluation of student learning improvement after applying group-
based instruction suggested by RoughClust. RoughClust was evaluated using two real
data sets. The data sets were collected from Fraction prior knowledge test for primary

school level.

5.2.1 Student clustering results and analysis

The data set is gathered from a prior knowledge testing using the Fraction
test in Appendix C. The test is composed of 16 items and each item is related to
fraction concepts. There are 88 students in this data set. The student were attending
grade 4, 5, and 6 in academic year of 2010. The data set was preprocessed and
prepared as an information system is given in Appendix B.1.

We experiment the optimal parameters for clustering student data set 1 by
parameter setting. In the first experiment, the parameter of maximum group is variable
as 20, 10, 5, and 2 students, and the accuracy threshold is set to 0.80 as an acceptable
accuracy approximation. The experimental result is shown in Table 5.4. For the
second experiment, the maximum group size parameter is controlled where the
accuracy threshold is variable as 1.00, 0.80, 0.50, 0.20, and 0. The result from the
second experiment is given in Table 5.5. Teachers can experiment with these
parameters to consider which parameter gives the most suitable to apply to group-

based instruction.

Table 5.4 Selected student clusters with variant group sizes.

parameters number of average
maximum group | accuracy threshold groups group sizes
size
20 0.8 34 5 59
10 0.8 44 500
5 0.8 50 176
2 0.8 59 1.49
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Table 5.5 Selected student clusters with accuracy threshold.

parameters
maximum group number of average
size accuracy threshold groups group sizes
10 1.00 46 1901
10 0.80 44 200
10 0.50 21 419
10 0.20 21 419
10 0.00 21 4.19

5.2.2 Student learning improvement
We studied the usefulness and practice of RoughClust by an experiment on
Fraction domain for primary level students. There were 26 students from grade 6
participated in this study. The student prior knowledge towards Fraction is tested using
a fraction pretest in Appendix C. All students’ test answers were used to cluster
students into groups. This data set is given in Appendix B.1.

Clustering this group of student using RoughClust with the maximum
group size =10 and the accuracy threshold = 0.5, there were 7 groups of students
obtained. The sets of common errors and prerequisite concept requirement for each
group are listed in Table 5.6. For example, in Group 1, there are six students in this
group which are the student ID 628, 627, 610, 626, and 629. The students in this group
share incorrect answering towards the concept of:

= reading fraction,
= writing fraction,
= conversion of mixed numbers to improper fractions,
= conversion of improper fractions to mixed number,
= equivalent fractions,
= comparing and arranging sequence of fractions.
Moreover, RoughClust suggests that the students in this group may require the

following prerequisite concepts:
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meaning of fractions,

meaning of improper fractions and mixed numbers,
comparing fractions with the same, division,

comparing and ordering whole numbers,

multiplication,

arranging sequence of fractions with the same denominator,
comparing fractions with the same denominator, and

reduced fraction.

Table 5.6 Prerequisite concepts requirement for each group learning remedy

Group 1

Student ID

{628, 627, 610, 626, 629}

Common error concepts

reading fraction, writing fraction, conversion of mixed numbers to improper
fractions, conversion of improper fractions to mixed number, equivalent

fractions, comparing and arranging sequence of fractions

Prerequisite concept

meaning of fractions, meaning of improper fractions and mixed numbers,

required Comparing fractions with the same, division, comparing and ordering whole
numbers, multiplication, arranging sequence of fractions with the same
denominator, comparing fractions with the same denominator, reduced
fraction

Group 2

Student ID {623, 612, 624, 606}

Common error concepts

reading fraction, writing fraction, equivalent fractions, Comparing and

arranging sequence of fractions

Prerequisite concept

meaning of fractions, comparing fractions with the same denominator,

required division, comparing and ordering whole numbers, multiplication, arranging
sequence of fractions with the same denominator, comparing fractions with
the same denominator, reduced fraction

Group 3

Student ID {611, 630}

Common error concepts

reading fraction, writing fraction, adding and subtracting fractions with the
same denominator, conversion of mixed numbers to improper fractions,
conversion of improper fractions to mixed number, equivalent fractions,

Comparing and arranging sequence of fractions
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Table 5.6 Prerequisite concepts requirement for each group learning remedy (Cont.)

Prerequisite concept

meaning of fractions, reduced fraction, meaning of improper fractions and

required mixed numbers, Comparing fractions with the same , division, comparing and
ordering whole numbers, multiplication, arranging sequence of fractions with
the same denominator, comparing fractions with the same denominator

Group 4

Student ID {616, 607}

Common error

concepts

reading fraction, writing fraction

Prerequisite concept

required

meaning of fractions

Group 5

Student ID

{619}

Common error

concepts

reading fraction, writing fraction, adding and subtracting fractions with the
same denominator, conversion of mixed numbers to improper fractions,
conversion of improper fractions to mixed number, equivalent fractions,

Comparing and arranging sequence of fractions

Prerequisite concept

meaning of fractions, reduced fraction, meaning of improper fractions and

required mixed numbers, Comparing fractions with the same , division, comparing and
ordering whole numbers, multiplication, arranging sequence of fractions with
the same denominator, comparing fractions with the same denominator

Group 6

Student ID {608, 614}

Common error

concepts

reading fraction, writing fraction, adding and subtracting fractions with the
same denominator, conversion of mixed numbers to improper fractions,

equivalent fractions, comparing and arranging sequence of fractions

Prerequisite concept

meaning of fractions, reduced fraction, meaning of improper fractions and

required mixed numbers, comparing fractions with the same , division, comparing and
ordering whole numbers, multiplication, arranging sequence of fractions with
the same denominator, comparing fractions with the same denominator

Group 7

Student ID {618, 620, 615, 625, 601, 605, 609, 622, 602, 603}

Common error

concepts

reading fraction, writing fraction, conversion of mixed numbers to improper

fractions, comparing and arranging sequence of fractions

Prerequisite concept

required

meaning of fractions, meaning of improper fractions and mixed numbers,
Comparing and arranging sequence of fractions with the same denominator,

comparing fractions with the same denominator, reduced fraction
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To evaluate efficiency of applying results suggested from RoughClust, we
asked the two mathematics teachers to plan group-based instruction using the group
information and the instructional material provided for each group. The instruction
was scoped to the concept “comparing and arranging sequence of fractions.” The
teachers arranged within-class grouping instruction in two regular mathematics hours.
Then, the students were given the posttest in the next day. The results found that

35.15% of students’ scores were improved as shown in Table 5.7.

Table 5.7 Student learning improvement

Number Average Average Score Percentage

of pretest score | posttest score | improvement | improvement
students (total of 16 (total of 16
scores) scores)

Group 1 5 7.82 12.60 4.78 61.13
Group 2 4 12.25 13.20 0.95 7.76
Group 3 2 6.67 10.08 3.41 51.12
Group 4 2 4.12 7.00 2.88 69.90
Group 5 1 7.00 10.00 3.00 42.86
Group 6 2 115 13.00 1.50 13.04
Group 7 10 8.56 12.40 384 44.86
average 8.27 11.18 291 35.15

5.3 User satisfaction evaluation

The
questionnaire for RoughClust evaluation is adopted from Devis (1989)’s study, TAM

We evaluated teachers’ satisfaction using the questionnaire.
(Technology Acceptance Model) which considers perceived usefulness and perceived
ease of use in computer acceptance behaviors of users. The questionnaires were
Each

question has five scales; strongly agree, agree, neither, disagree, and strongly disagree.

administered to three mathematics teachers who interacted with RoughClust.

The questionnaire is presented in Thai version in Appendix C). Some open questions
are also attached to this questionnaire. The result of evaluation of the teachers’
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satisfaction is illustrated in Table 5.8. The average scale given from the three teachers
is shown in the last row which is 3.55. This scale shows that teachers have positive

perception to RoughClust.

Table 5.8 Questions and results of evaluation of the teachers’ satisfaction (translated
from Thai to English)

Measurement Average Scale

Usefulness

1. Using RoughClust would help me in grouping student 3

based on their prior knowledge

2. RoughClust provides acceptable accurate and appropriate 3

grouping for the student prior knowledge

3. RoughClust suggests useful group’s prerequisite concept 3

requirement.

4. Instructional materials suggested by RoughClust is useful 5
and suitable for my students’ requirement.

5. Using RoughClust is helpful in my instruction planning. 4

6. Using RoughClust to instruction planning can help my 3.5

student learning improvement.

7. Using RoughClust to Implement group-based instruction 4

can help students attending the class more comfortable.

Ease of use
8. My interaction with RoughClust would be clear and 3
understandable
9. I would find RoughClust easy to use. 2.5
10 I will continue using RoughClust. 4
11. 1 will tell the other teacher to use RoughClust. 4
Average scale 3.55

From the open questions, the teachers believe that RoughClust tool is a
useful for managerial prerequisite concept relationships and test in order to use the

system for other groups of students. They are not only able to reuse of the system but
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also to extend the domain knowledge of the prerequisite concept relationships and the
database of instruction materials. The database of RoughClust also helps them
systematically store and share their instruction material with other teachers. The
teachers were satisfied to be able to query and reuse the instructional material
whenever they want to. They can produce handouts, exercises, or exams appropriate
for student prior knowledge requirement much more easily than ever. According to
the evaluation results, teachers were satisfied with some noticeable learning
improvement of their students in learning fractions when the students were
accommodated with the proper prior knowledge instruction.

There are also some valuable comments from the teachers as shown in
Figure 5.5. We will have RoughClust improved according to the teacher’ suggestions

in the near future.

Comment 1: Defining concepts and the concepts relationships in
RoughClust is not easy. It takes some times to understand and operate the
domain knowledge databases. Moreover, 1 am not sure the concepts and
the relationships added are correct.

Comment 2: Teaching students in groups within my classroom is more
fun. Students enjoy working in groups. However, it takes time for me to
plan and produce different instructional materials for each group. It would
be better if the students could use RoughClust to see their potential and
weakness in prior knowledge and get exercises whenever they like to.
Comment 3: | found that it is easy to store and find the instruction
material in RoughClust. However, some features of the tool are difficult to
use such as defining the concepts. There should be a standard model for
concepts with their relationships to avoid incorrect or inconsistent

knowledge.

Figure 5.5 Examples of users’ comments

Evaluation of the GCH clustering approach and RoughClust are presented

in this chapter. GCH generates more informative hierarchical clusters and more



Fac. of Grad. Studies, Mahidol Univ. Ph.D.(Science and Technology Education) / 85

accuracy in classification than some hierarchical clustering approaches. We evaluate
RoughClust on student prior knowledge testing results. RoughClust offers the teachers
with flexible parameters to student cluster selection. The parameter variables were
experimented to find the best student clusters. In the next chapter, the thesis is
concluded and discussion on further research based on the evaluation in this chapter is

presented.
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CHAPTER VI
CONCLUSIONS

6.1 Conclusions and discussion

In this thesis, we present not only GCH clustering approach but also its
education application called RoughClust, the student clustering and prerequisite
concept requirement mapping tool. GCH clustering approach employs indiscernibility
relations to multilevel partitioning and rough sets in defining clusters. Moreover,
correlation and dependency between attributes are used for attribute selection
partitioning. We proposed the designed algorithms to recursively construct a GCH and
to select the attribute subset for multilevel partitioning. Core attributes are essential for
forming more specific concepts since they contain specific characteristics of an object.
In GCH construction, the core attributes are preserved until the last granulation.

GCH clustering approach was validated using the structured animal data
set and generating high order rules from the animal taxonomy obtained from the GCH
clustering approach. Our approach can discover more understandable granular concept
hierarchy for structured data especially in data sets that the correlation and dependency
between attributes exist. Since GCH clustering approach takes into account the
decision class in clustering and applies reduct and core attributes to preserve specific
information in granulation, therefore it gives more accurate clustering results in
supervised learning. The comparative results showed that GCH approach provides
more understandable abstract conception of a cluster hierarchy and more descriptive
cluster information than COBWEB, EM, and HierarchicalClusterer.

Since GCH provides multilevel granular knowledge ranging from the
coarsest level at the root and the most specific level at the leaves, GCH structure
provides system of granular knowledge mapping through a tree traversal. Searching
for a granular concept in GCH can be performed through several techniques including

the depth first search and breadth first search. In order to map an appropriate granular
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knowledge, the problem solver must identify satisfaction criterions. One of satisfaction
criterion is that the granular knowledge is evaluated by sufficient knowledge for
solving a particular problem. If the problem is to find the decision rules to predict the
unseen objects, then the appropriate levels of granularity can be found in the granules
which no children of them has smaller boundary regions. If the problem is to predict
the missing values of the condition attributes of an object, then the appropriate levels
of granularity can be found at the leaf levels where the objects are indiscernible. A
satisfaction criterion can be defined by setting the precision tolerance of applying the
granular knowledge. This criterion reduces expensive computation of total precision.

To benefits from GCH clustering, we developed RoughClust: a student
clustering and prerequisite knowledge requirement mapping tool. RoughClust aims at
helping teachers to acquire groups of students who has similar learning difficulty and
to understand the groups’ prerequisite concept requirement regarding a teaching
domain. Teachers can use RoughClust to obtain the granular groups of students, the
groups’ prerequisite concepts requirement, and the instructional material for their
classroom to best serves the students’ prior knowledge differences. RoughClust was
designed to perform three main modules which are Data Clustering, Cluster Selection,
and Prerequisite Concept Requirement Mapping. In Data Clustering module, we
employed GCH clustering and domain dependency of a test items in multilevel
attribute selection for partitioning. Teachers can define their clusters through the
Cluster Selection module by indicating a maximum cluster sizes and rough accuracy
threshold. Prerequisite Concept Requirement Mapping is then evoked to search for
each group’s prerequisite concepts that should be taught to the students before
teaching the particular concepts. In addition, RoughClust also offers teachers a
collection of instruction materials including handouts, exercises, and tests for each
student group. In summary, RoughClust is capable of:

1) Grouping students who hold common knowledge mistakes.

2) Mapping to the groups’ granular prerequisite concept requirement by
using the group characteristics together with the prerequisite concept
relations of the domain.

3) Suggestion of the appropriate and handy instruction materials for the

teachers to wuse in group treatment instruction planning. The
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instructional material provided are handouts, exercises, and a set of test
items related to each granular learning concept.
4) Articulating mechanism for the granular prerequisite knowledge level
as deep as necessary.
We studied the usefulness and practice of RoughClust by an experiment on
Fraction domain for primary level students. There were 26 students from grade 6
participated in this study. The students’ prior knowledge towards Fraction was tested.
All students’ test answers were used to cluster students into groups. There were seven
groups of students who have similar prior knowledge requirement. Then, we asked the
mathematics teacher to arrange within-class grouping instruction and use the
instructional material provided for each group instruction. The instruction was carried
out for two hours and the students were given a posttest in the next day. The test result
showed that the students’ scores were significantly improved. Therefore, clustering
students and treating each group based on their prior knowledge is worthwhile.
Teachers, students, and parents will benefit greatly from RoughClust.
Teachers can quickly determine the students’ prior knowledge and prepare the
instruction plan since they can use group-based prerequisite concept requirement to
construct a group-based curriculum and an instruction plan. In addition, teachers can
use the provided materials, e.g., handouts, exercises, and tests in their classroom.
Therefore, diversity of student learning ability is easier to accommodate with the
group-based curriculum within classroom learning. Moreover, more comfortable
classroom learning environment is promoted since students complacently learn with
their learning pace, performance, materials, and like-ability peers. Once the students’
needs are correctly treated at the school, the supplementary tutoring in out-of-school is
reduced. Parents’ expense for their children tutoring will be lower or cut off. More
importantly, students are able to spend more time for other activities rather than
attending the tutoring classes after school or at the weekends.
Contribution of this thesis is concluded as follows:
= What’s new? — Granular concept hierarchy clustering approach based

on rough sets and granular prerequisite knowledge requirement

mapping.
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= What’s different? — Granular solution to uncover students’ common
errors and groups of student who have similar concept learning
difficulty.

= What’s better? — Our approach is better than existing testing diagnostic
systems since it provides granular information in two point of views.
The first point is granular group of students based on specific common
errors. The second point is granular domain concept hierarchy of the
prerequisite knowledge requirement.

= What’s significant? — Based on the group’s common errors and the
domain’s prerequisite relation, we can provide instruction materials
such as handouts, exercises, and tests that are suitable for each group

and ready to use by the teachers.

6.2 Further research

GrC provides both perspectives and mechanisms to education research in
student learning behaviour and knowledge organization. This thesis presents a good
example of applying GrC approach in student clustering and prerequisite mapping.
The results of this research will contribute to current attempts to data clustering in
education; for example, the national standard test data and university admission test.
The informative and accurate clustering methodology should provide insights for
educators to manage learning resources for schools and classrooms more effectively
and for teachers to perform instruction that serves individual differences. In addition,
research in granules in learning behaviour based on (Sonamthiang, Cercone &
Naruedomkul, 2007b) will be investigated to study the student learning behaviour
patterns when interaction with e-learning systems and ITSs.

In this thesis, RoughClust was implemented and limited for Fraction
domain for primary student level. For further research, RoughClust should provide
mechanism for teachers to actively corporate with experts to manage and extend the
domain prerequisite concept relations in the existing knowledgebase. This capability
will allow teachers to more articulate the students’ prior knowledge requirement as

desire and the results will be more reliable. Moreover, RoughClust should able to
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allow collaboration between teachers in expanding its domain knowledge and share
instructional materials. Last but not least, intensive study on how to employ group-

based instruction based on students’ prior knowledge requirement is required.
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APPENDIX A
PREREQUSITE CONCEPT RELATION OF FRACTION DOMAIN

This appendix illustrates the relations of concepts and its granular
prerequisite in learning fraction based on the Basic Education Core Curriculum B.E.
2551 (A.D. 2008) Mathematics. Primary level students in Thailand start to learn
fraction at grade 4, and the more complex concept and operations on fraction at grade
5 and grade 6 respectively. From the curriculum, we defined the prerequisite concept
relation in the domain of fraction for primary level students as the following.

Fraction concepts to be learnt in grade 4:

1. Understand, write, and read fractions (C4_1)

. C4_1 1 meaning of proper fractions
. C4_1 2 reading fractions
. C4_1 3 writing fractions

2. Compare and arrange sequence of fractions with the same
denominator (C4_2)
= C4_2 1Compare and arrange sequence of fractions with the same
denominator
= (C4 2 2Arrange sequence of fractions with the same denominator
3. Operations on fractions with the same denominator (C4_3)
= (C4 3 1 Add fractions with the same denominator

= C4 3 2 Subtract fractions with the same denominator

C4_1 > C4.2 > 4.3

Comparing Whole[vumbers Add / \

Subtract
Figure ALl. Prerequisite concept relationships of fraction for Grade 4
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Fraction concepts to be learnt in grade 5:

1. Proper fraction, improper fraction, and mixed number (C5_1)
o Converting mixed numbers to fractions (C5_1 1)

o Converting improper fractions to mixed number (C5_1 2)
Fractions that equal whole numbers (C5_2)
Equivalent fractions (C5_4)

Reduced fractions or simplifying fractions (C5_5)

ok~

Compare and arrange sequence of fractions that have denominators that

are multiples of each other (C5_6).

6. Conversion between fractions with dominators 10 and 100 to decimals
and percents (C5_7)
7. Operations on Fractions (C5_8)
o0 Addition and subtraction of fractions that have denominators
that are multiples of each other (C5_8_1)
Multiplying fractions by whole numbers (C5_8_2)
Multiplying fractions by fractions (C5_8 3)
Dividing fractions by whole numbers (C5_8 4)
Dividing whole numbers by fraction (C5_8_5)

O O O O O

Dividing fractions by fractions (C5_8_6)



Sumalee Sonamthiang Appendices /102

Add Subtract multiply divide

Figure A2. Prerequisite concept relationships of fraction for Grade 5

Fraction concepts to be learnt in grade 6:

1. Comparing and arranging sequence of fractions (C6_1)

2. Conversion between decimals and frations (C6_2)

Conversion 3 places decimal to fractions (C6_2_1)
Conversion between fractions with dominators 10, 100, and 1000 to
decimals (C6_2_2)

3. Operation and fractions (C6_3)

Addition, subtraction, multiplication, and division of fractions
(C6_3 1)

Addition, subtraction, multiplication, and division of mixed number
(C6_3 2)

Mix operations on mixed number (C6_3_3)

Word problems of operation on fractions (C6_3_4)

Word problems of mix operation on fractions (C6_3_5)
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Add Subtract multiply divide

Figure A2. Prerequisite concept relationships of fraction for Grade 5
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This appendix presents datasets used in this thesis which are three student

B.1 Student pretest data set

This dataset was collected from 89 primary school students taking pretest

on Fraction Friend Tutor as in Appendix A. The dataset contains 89 students from

grade 4, 5, and 6 in academic year of 2010. The students were from Sansook School,

Buriram Province, Thailand. In this information system, the first column represents

student 1D, followed by 16 test items and performance level in the last column.

Student ID

Test item number
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O |k O |0 |0 |0 |0 |0 |k |O|(Fk |k |k |O 0|k 0| |ou

O |O |0 ||| |+ ||| |O0|0O |0 |0 |0 |0 |o ||k o

O |Ooo|jojo|o|o|o|o|o|o|o|o|o o | |o | |k N

o |O |0 |0 || |o|o|o|o|o|o|o|o o |o|o |o |o
o O |k |O |0 |0 |0 |0 O (k| |k |0 |k O |k |O |- (o
O |oOjo|jojo|jo|o|o|o|o|o|o|o|o o |o|o |o |-
o |O O |- O] |0 |0 0|0 |0 |0 |0 |0 |0 |0 |o |+ |o

O |O [k |O |00 |0 |0 |(0O|Fr |O|0 |0 | |k |O |k O |k

ololo|r ol |k,r|kr|lO|Fk |k OO0k |O|k|O|F |~

o |O |0 |0 || || |o|o|o|o|o|o o |o|o |o |o

colojo|lo|r |lo|lojlo|lo|r|lo|r |k |~ |k |k |- |o|o

O |OoOjo|jojo|o|o|o|o|o|o|o|o|o o |o|o |o |o

PlRr R, RPN FRP(FRPINdRINR (N W




Ph.D. (Science and Technology Education) /105

Fac. of Grad. Studies, Mahidol Univ.

0

0

0

0

0

0
0
0
0
0

0
0
0

0
0

0

0

0

0
0
0
0
0
0
0
0
0
0
0
0
0
0
1
0
1
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0
0

0[{0|0]1|0|0]0]0O]O0
0j]0j0]1]0j0O]1|0]1
0/]0|0]1]|]0]j0]|0Of0O]1
0[{1(1]0j0|0]0]0O]O0
0/1|0]1]0]0]J0|0]O
0{0|0]0O|1|0]0]0O]1
0/]0|J0]0O]J0O]1]0]|0]O
0[{0|0]0OJ0O|J0O]0O]0O]O

1/1/0]0]0]1]0]j0]0
0/1|/0]0]J0j0O]0O|0O]O
0{0|0]1|0|0]0]0O]1

11]0]0]1]/0]0J0]0]O
1/1/0]1]0]0|1]0]1
0j]0j0]1]0j0O]1|0]1

1]1]1]1]1]0|1]|0]|1
1/0/0]1]0]0]0]|0]1
1]0]1]1]j0]1]0]0]1
1/1/0]1]0]0]0]|0]1
0/]0|0]1]0]0]0O|0O]1

1/0/0]0]0]|0]0]J0]1
1/1/0]1]1]1]1]0]1
11]0]0]1]/0]0J0]0]1
0{0|0]1|0|0]0]0O]1
0/|0|j0]j0O]J1]0]0|0O]1

1(1/0]1]1]1]1]0]1
11]0]0]1]/0]0J0]0]1
11]0/]0]0j0]|0|0]0O]|1
1/0/0]1]0]0]0]|0]1
11]0]0]0J0]0J1]0]1

1/1/0]1]0]0]0]|0]1
0/1|0]1]0j0]1j0]1

1/0/0]1]0]0]0]J0]1
1/0/0]1]0]0]1]0]0
0j|1|1]0]0]0]J0O|0]O
0[{0|0]0|1|0]0]0]O0
0j]0j0]1]0j0O]1|0]1
0{0|0]1|0|0]0]0O]1

1/0j]0j1]1/0]0]0]1
0[1]1]0]|0]|0O]J0O]J0O]O
0/[0]0]|0O|O|O]0O]0O]O
0/[0]0]1]0]|0]0O]0O]0

1/0/0]J1]0]0]1]0]1

421
423
424
425
426
427
428
429
430
431
432
500
501
502
503

504
505
507
508
509
511
512
513
515
516
516
517
518
519
520
521
522
523

524
525
526
527
528
530
531
532

534




Appendices /106

Sumalee Sonamthiang

0

0

0

0
0
0
1
0
1
1
1
0
0
0
0
0
1
0
0
0
0
0
1
0
0
0
0
0
0
0
0

0[{0|0]0|1|0]0]0]O0
11]0]0]J1]/0]0J0]0]O
1/0]0|1]0|0]1]0]1
1/1)/1]1]0]0|1]0]0
1/0]1]1]0]0]0]0]1
1/1/1]0]0]0|1]0]0
0]1|]0]1]0j1]1|0]1

1(1)1]1]1]1]1]1]0
1/0/1]1]0]0|0O0]0]1
1/0]0J1]0]|]0]1]0]1
0[{0|0]1|0|0]0]|0]1

1/0]0]1]0]0]0]0]1
0[{0|0]0O|1|0]0]0]O0

1/0]1]1]0]J]0]1]0]1
1/1]1]1]0|]0]1]0]1
1/0/0]1]0]0]0]J0]0
1]1]1]1]1]0]1]0]1
1/1)1]1]0j0|1]0]1
1/1]0]1]0]0]0]0]1
1/1)1]1]0j0|1]0]1
1/1)1]1]0]1|1]0]1
0/]0j0]1]0j0]0O|0O]1
0[{0|0]1|0|0]0]|0]1

11]0]1]0j0]0J0]|0O]O
0[{0|0]1|0]0]0]|0]1
0/1|]0]1]0j0]1|0]1
0/1|]0]1]|]0j0]|0|0]1
0[{0]0]0J0O0|0]0]0]1

534
535
601
602
603
605
606
607
608
609
610
611
612

614
615
615
616
618
619
620
622
623

624
625
626
627
628
629

B.2 Animal data set

Animal dataset (Frank & Asuncion, 2010) can be obtained from the UC

is available online at

Irvine Machine Learning Repository (this data set

[http://archive.ics.uci.edu/ml] with labeled Zoo data. The data set is described as

follows.

Life

Number of

Data Set

101 | Area:

Instances:

Multivariate

Characteristics:

1990-

Date

17

Number of

Categorical,

Attribute
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Characteristics: Integer Attributes: Donated 05-15
. ) e - Missing Number of
Associated Tasks: | Classification Values? No Web Hits: 55754

Creator: Richard Forsyth
Donor:

Richard S. Forsyth

8 Grosvenor Avenue
Mapperley Park
Nottingham NG3 5DX
0602-621676

Data Set Information:

A simple database containing 17 Boolean-valued attributes. The "type" attribute
appears to be the class attribute. Here is a breakdown of which animals are in which

type: (I find it unusual that there are 2 instances of "frog" and one of "girl"!)

Class# -- Set of animals:

1 -- (41) aardvark, antelope, bear, boar, buffalo, calf, cavy, cheetah, deer, dolphin,
elephant, fruitbat, giraffe, girl, goat, gorilla, hamster, hare, leopard, lion, lynx, mink,
mole, mongoose, opossum, oryx, platypus, polecat, pony, porpoise, puma, pussycat,
raccoon, reindeer, seal, sealion, squirrel, vampire, vole, wallaby,wolf

2 -- (20) chicken, crow, dove, duck, flamingo, gull, hawk, kiwi, lark, ostrich, parakeet,
penguin, pheasant, rhea, skimmer, skua, sparrow, swan, vulture, wren

3 -- (5) pitviper, seasnake, slowworm, tortoise, tuatara

4 -- (13) bass, carp, catfish, chub, dogfish, haddock, herring, pike, piranha, seahorse,
sole, stingray, tuna

5 -- (4) frog, frog, newt, toad

6 -- (8) flea, gnat, honeybee, housefly, ladybird, moth, termite, wasp

7 -- (10) clam, crab, crayfish, lobster, octopus, scorpion, seawasp, slug, starfish, worm
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Attribute Information:

1. animal name: Unique for each instance
. hair: Boolean

. feathers: Boolean

. ggs: Boolean

. milk: Boolean

. airborne: Boolean

. aquatic: Boolean

. predator: Boolean

© 00 N O O A W DN

. toothed: Boolean

=
o

. backbone: Boolean

[ERN
[ERN

. breathes: Boolean

[E=N
N

. venomous: Boolean

=
w

. fins: Boolean
. legs: Numeric (set of values: {0,2,4,5,6,8})

. tail: Boolean

e
o Ul b

. domestic: Boolean

[
~

. catsize: Boolean

=
[00]

. type: Numeric (integer values in range [1,7])

Table B.2 The animal data set.

0 el 5| |8|8]3 o

cl8lalx| 88|32 <§J g § ool _|E]8 2
amimal [E|E | S|E|R|8|5|8|8|5|¢8|&|8|F|8|8|0
aardvark 1/ 0| 0 1| 0y O 2| 1| 1| 1| O] O 4| 0] 0] 1] 1
antelope 1 0 0 1 0 0 0 1 1 1 0 0 4 1 0 1 1
bass 0| 0] 11 0 O 2| 1} 1| 1] 0] O 1] 0| 1| 0| 0] 4
bear 1 0 0 1 0 0 1 1 1 1 0 0 4 0 0 1 1
boar 1 0 0 1 0 0 1 1 1 1 0 0 4 1 0 1 1
buffalo 1 0 0 1 0 0 0 1 1 1 0 0 4 1 0 1 1
calf 1 0 0 1 0 0 0 1 1 1 0 0 4 1 1 1 1
carp 0| 0| 12| 0] O 1| 0] 1 1] 0| 0] 1] 0| 1 1] 0| 4
catfish 0 0 1 0 0 1 1 1 1 0 0 1 0 1 0 0 4
cavy 11 0| 0] 2| 0] O] O 2] 1| 1| O] O] 4| 0| 1] 0| 1
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APPENDIX C
FRACTION PRETEST

This appendix presents the fraction pretest to evaluate students’ prior
knowledge towards fraction for primary level. The test comprises of 16 items. The

fraction pretest is as follows.

WUUNARBUAMNI NG 1F09LABEI

szavilszandnun

v v v
o A v = 5 =

ANDLLDY ﬂ@ﬂ@ﬂ‘gﬂ%ﬁﬁ:ﬁ%&lﬂ 16 T8 ASULWLLAL 16 AZLLKL TaRAUANILUUANRONULAZULL

=

a o vao A A o a a ° Y o A a A oA
L@]Nﬂ’]@]aﬂlﬂ%ﬂlﬁﬂ%lﬂaﬂﬂq@]aﬂﬂgﬂﬂﬁi@ 1 ANADULAIWNRUAILIDNNANNKA RIDLVEW

U

o

@‘imauﬁgﬂﬁaamlwﬁaaiw

nanlunssay 1 °ﬁ,’JI&I\‘i

278 1) ﬁnﬂgﬂﬁalmﬁﬂumumu LLammuﬁLLsm"l@TgﬂéTaa

| ow
U] w
>
wo| g
&
0o | w

o C Foq a. . o 1
S LeeaIwea 1T e ladavinnu 5?




Fac. of Grad. Studies, Mahidol Univ. Ph.D. (Science and Technology Education) /113

3 3 2
2, - 9, = A — 3. —
4 6 g 15
. o g a . 2 9
48 3) TalafaiAuainatngdrues >
1 12 7
n. = Y = A — 3. —
3 4 9 10
3 2
W) — + - =
8 g
48 5) 0.5 swduianain Ao
1 1 1 1
. — Q, = A — 3=
4 2 5 3
78 6) iawduladalufddwniga 2
1 1 1 1
n. — Y = A — 3=
2 3 4 =
Py 7) — =2
1
n. 5 Y = .0
2

¥

3
3

o . 18 4
78 10) WINAFLVDI — Ad
10

v a 1' =
49 11) AUV 2; fa

3.1




Sumalee Sonamthiang Appendices /114

¥ o a ? I
28 12) WIBNAULNVDI E fa

78 13) a3y fna ldnanua 12 wa wusduuzaing 5 wa U999 4 WA WATNAIY 3 WA UAD
urnuzidawInKa nIrye Wouduasainldaitela

. 5 1

W9 14) —— — =
12 6

. 2 1

18 15) — X — =
3 2

. 2 1

10 16) —+ = =
3 2




Fac. of Grad. Studies, Mahidol Univ. Ph.D. (Science and Technology Education) /115

APPENIX D
QUESTIONAIRE FOR USER SATISFACTION EVALUATION

This appendix contains the evaluation of RoughClust with respect to user
satisfaction as presented in chapter 5. A questionnaire for teachers in Thai and in

English is presented in D.1 and D.2 respectively.

D.1 Questionnaire for teacher satisfaction evaluation (Thai)
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D.2 Questionnaire for teacher satisfaction evaluation (English)

Scale
Measurement

Usefulness

1. Using RoughClust would help me in grouping student based on

their prior knowledge

2. RoughClust provides acceptable accurate and appropriate

grouping for the student prior knowledge

3. RoughClust suggests useful group’s prerequisite concept

requirement.

4. Instructional materials suggested by RoughClust is useful and

suitable for my students’ requirement.

5. Using RoughClust is helpful in my instruction planning.

6. Using RoughClust to instruction planning can help my student

learning improvement.

7. Using RoughClust to Implement group-based instruction can

help students attending the class more comfortable.

Ease of use

8. My interaction with RoughClust would be clear and

understandable

9. I would find RoughClust easy to use.

10 I will continue using RoughClust.

11. 1 will tell the other teacher to use RoughClust.

How useful is the tool to group students and manage the teaching domain
KNOWIBAGE?.....ee ettt ettt sttt et e neens
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APPENDIX E
ROUGHCLUST DOCUMENTATION

This appendix illustrates the documentation of RoughClust in Thai.
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2. Graphical User Interface
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A SUURIUMINISEUAIUAILSIWUZU

RoughClust: (a student clustering and  prerequisite \concept requirementimapping itool

aMUuuIONSSUISEUS UK1InenaeuRoa

duunnau _ tangslizaau slunuladau drninda

fiudaausuaal admin
A . . v
% pawEaE fanaumiionug

fuanI Ay IaIAEIIE Tiuthy | szandnenilii 1 (=]

g

Tiaandsn -
* AuvIMIEAINE

o anawihganuiiu

Avuaanadiuszaiing
Ay

uanIAMUETuT I WY

51 7 wiheemsdamsmineanuiuazanuduinusvesanitennu

A (V] 9 [ Y = % 9
3.2 vithasmadamsenasidszoen lxlumsdanmsgiudeyaluau nuvnya wazdeaoy

A Jd o ] Y
NAUNUTNUUUIYANNIAN )

A S:UUpIUNUNISEUAILAILSIVUDIY

RoughClust:a|student clustering \and  prerequisite \conceptrequirementmapping itool

amuuuIanssuIseus uKianenasuRaa

d1uunnau AR L RS _ siluuuladan #dranda

#* fuinanaslszaau AduA TG AmaIy sEaut Al 4 =]

fiuAdausuaal admin

P = "
& Esinansib et fatanans Tuaudas aauBandsueasdiu il 4

Naasdae daviniag o alauanieni adidn -
)
N www trueplookpanya.com

dalula C:\Users\User\Desktop\Thesis June 20 Browse...

sgavianans T =]

51 8 wihaemsdamsenaissznoy




Fac. of Grad. Studies, Mahidol Univ. Ph.D. (Science and Technology Education) /125

Y v Y Y o o v d 1 9 1 9
3.3 rivansaan1sveanl 1%11!ﬂ'liﬂ'I“Viuﬂf’]'J'13Jf’fllWuﬁ§$1ﬁ31§ﬂl'ﬂﬁ'@ﬂlma$ﬂlﬂiu‘ijﬂ

] o ' YAq Y o g &
51]@ﬁ@ﬂﬂﬂﬁu’lﬂﬂ’lTﬂJgﬂi%iuﬂﬁV]1"]]6?[@‘1J"]JE]1J‘H g

(Nt

SUURIUNUMISEUCIUAIUSIWUBIY

RoughClust:a student clustering and | prerequisite \concept requirement,mapping itool

aMUUUIONSSUISEUS UKIINENEaEUR0a

d1uunnau AT PR T tana1slszaan drainda

fudsinuiuaa: admin TlsassuaruduiusuaviafaunayANTHUS L (AESIU
* aumisluuiiaaau

P 100000300

ATIMINgTAdAREIY (1 O B W W e
HRFRRIT T R ] {8 e N R ) o=
matdeauArdn &&= EE|E|E =
msuouisuemduiisdnuvigu e || &= (Ol e
nsBneddAnduRisauvhau e E|E ] (O N (T
AsuIn AsauAsduiiidamyhdy (e e Al e RS e

51t 9 wihwenissamsdeaey

[

3.4 vithoetemas lgilonsldau RoughClust'ﬁawwauamwmia:‘? o

S:uUpIUNUNISEUC ﬂUF?OﬂUQtW(UU?U

RoughClust:(a student clustering \and  prerequisite \concept requirement;mapping itool

aNJuuINNSSUISEUS UKIINENAaEuRQa

druunnau wiulga N tand1slsznau sluvutadau

fiuddausuaat admin
* dfiamstiioon Jiauarvaunlag

UNFINE LEIsAInA

3A.A5.AALN UGANNA MATTNRAeAART AALINIAEaT I inmaniiiaa
Professor Nick Cercone: York University, ON, Canada

5@ As. UL ASnna

A5, a5 widaadia

= ' va o

fnsianIe

= UNENE EIBANA

510 10 ihvesemae




Sumalee Sonamthiang

NAME

DATE OF BIRTH

PLACE OF BIRTH
INSTITUTIONS ATTENDED

RESEARCH GRANTS
HOME ADDRESS

EMPLOYMENT ADDRESS

Biography / 126

BIOGRAPHY

Sumalee Sonamthiang
17 December 1979
Roi Et, Thailand
Mahasarakham University, 1998-2002
Bachelor of Science
(Computer Science)
Mahasarakham University, 2002-2003
Grad.Dip. Teaching
(Computer Science)
Mahidol University, 2003-2011
Doctor of Philosophy
(Science and Technology Education)
Dalhousie University, Nava Scotia, Canada
2005-2006
Visiting Student (VSGS)
York University, Ontario, Canada, 2006-2007
Visiting Researcher
99/163 Parichard Village, Khumklao Road,
Lampakchee Sub District, Ladkrabang
Bangkok, 10520
Tel. (+66) 02-3635435
E-mail : tewl197@gmail.com
Department of Mathematics Statistics and
Computer, Faculty of Science, Ubon

Ratchathani University



Fac. of Grad. Studies, Mahidol Univ. Ph.D.(Science and Technology Education) /127

PUBLICATION / PRESENTATION

Sonamthiang, S., Naruedomkul, K. & Cercone, N. (In Press) Granular Concept
Mapping and Applications. Rough Sets and Intelligent Systems - Professor
Zdzistaw Pawlak in Memoriam Vol.1, Series: Intelligent Systems Reference
Library, Vol. 42, Skowron, A.; Suraj, Z. (Eds.) Springer Berlin Heidelberg,
New York, 2013, 581-596.

Sonamthiang, S., Cercone, N., & Naruedomkul, K. (2007). Discovering hierarchical
patterns of students’ learning behavior in Intelligent Tutoring
Systems. In Proceedings of the 2007 IEEE International Conference
on Granular Computing. Silicon Valley, USA , November 2-4, 2007. 485-489.

Sonamthiang, S., Cercone, N., & Naruedomkul, K. (2007). A Rough Set Based Map
Granule. Rough Sets and Intelligent Systems Paradigms. Lecture Notes in
Computer Science, Springer Berlin /Heidelberg, VVol. 4585/2007, 290-299.

Alshammari, R., Sonamthiang. S., Teimouri, M., & Riordan D. (2007). Using Neuro-
Fuzzy approach to reduce false positive alerts. In Proceeding of the Fifth
Annual  Conference on Communication Networks and  Services
Research, Fredericton , New Brunswick , Canada , May 14 - 17, 2007. 345-
349.

Sonamthiang, S., Naruedomkul, K., & Cercone, N. (2006). Initializing student
models using Dempster-Shafer theory. In Proceeding of Computers and
Advanced Technology in Education 2006, Lima, Peru , October 4-6, 2006. 76-
81.

Rattanawongchaiya, N., Sonamthiang, S. & Naruedomkul, K. (2005) Thai intelligent
tutor with information retrieval. In 2005 Proceedings of IEEE Integration of
Knowledge Intensive Multi-Agent Systems (pp. 549 — 554). Boston, MA., April
2005, 18-21.


http://www.springerlink.com/content/n48348632640/?p=115eaca5b79741c79ea3d6adcc4b84eb&pi=0

	Acknowledgement.pdf
	ACKNOWLEDGEMENTS

	Chapter 2.pdf
	CHAPTER II
	LITERATURE REVIEWS

	Chapter 3.pdf
	CHAPTER III
	A ROUGH SET BASED GRANULAR CONCEPT HIERARCHY CLUSTERING APPROACH
	3.1 Background theory on rough sets

	Chapter 5.pdf
	CHAPTER V
	EVALUATION OF GRANULAR CONCEPT HIERARCHY CLUSTERING AND ROUGHCLUST

	Chapter 6.pdf
	CHAPTER VI
	CONCLUSIONS

	Biography.pdf
	BIOGRAPHY


