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Abstract

Curriculum sagquencing is an important research issue for Web-basad instruction systems because no fixed learning pathway will be
appropriate for all learners. Therefore, many researchers focusad on developing e-learning svstams with personalized lzarning mechanism to
assist on-ling Web-based learning and adaptively provide learning pathways. However, although most personalized svstems consider learnar
preferences, interests and browsing behavior in providing personalized curriculum ssquancing servicss, these systams usually neglact 1o
consider whether learner ability and the difficulty level of the recommendad courseware are matched to 2ach other or not. Genarally,
ingppropriate courseware leads w learner cognitive overload or disorientation during learning, thus reducing learning effect. Besides, the
problam of concept continuity of lzarning pathways also needs o be considered whils implementing personalized curriculum ssquencing.
Smoother lzarning pathways increase learning effect, avoiding unnecessarily difficult concepts. This paper presents a prototyps of
personalized Web-basad instruction svstem (PWIS) based on the proposed modified ltam Responss Theory (IRT) to perform personalized
curriculum saquencing through simultansously considering courseware difficulty level, lzarner’s ability and the concept continuity of
learning pathways during learning. In the proposad modified IRT, the information function is revised to consider the concept continuity of
learning pathway as well as considering the difficulty level of coursewars and individual lzarner ability. Experiment results indicats that
applving the proposad modifiad IRT for Web-based learning can construct suitable learning pathway to learnars for personalized learning,

and halp them to learn more affactively.
© 2005 Elsevier Ltd. All rights reserved.
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1. Introduction

Traditional teaching resources, such as textbooks,
typically guide the leammers to follow fixed sequence to
other subject-related sections related to the cument one
during learning processes. Web-based instruction research-
ers have given considerable attention to flexible curriculum
sequencing control to provide adaptable, personalized
leamning programs (Mia and Woolf, 1998; Lin and Hsieh,
2001; Lee, 2001; Tang and Meealla, 2003; Papanikolaou
and Grigoriadou, 2002; Jih, 1996; Tang et al., 2000;
Brusilovsky et al., 1998). Curriculum sequencing aims to
provide an optimal leamning pathway to individual leamer
since every learner has different prior background
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knowledge, preferences, and often various leamning goals
(Hiibscher, 2000; Weber and Specht, [997; Brusilovsky and
Vassileva, 2003). In an educational adaptive hypermedia
system, an optimal learning pathway aims to maximize a
combination of the leamer’s understanding of courseware
and the efficiency of learning the courseware (Hiibscher,
2000). Cumiculum sequencing can generally be distin-
guished as either knowledge sequencing or task sequencing.
Knowledge sequencing determines next teaching concept or
topic (Brusilovsky, 1999), Task sequencing determines the
next learning task (problem, example, test) within a current
topic (Brusilovsky, 1999). However, finding an optimal
learning pathway for individual learner is difficult and non-
meaningful for tutoring systems because no measure exists
by which to evaluate the success of an optimal learning
pathway. Therefore, to provide adaptable leaming pathway
for individual leamer is a more practicable in Web-based
ttoring systems.

Moreover, as numerous Web-based tutoring systems
have been developed, a great guantity of hypermedia in



courseware has created information, cognitive overload and
disorientation (Berghel, 1997; Borchers et al., 1998), such
that learners are unahle to learn very efficiently. To ald more
efficient leamning, many powerful personalized/adaptive
guidance mechanisms, such as adaptive presentation,
adaptive navigation support, cumiculum sequencing, and
intelligent analysis of student’s solutions, have been
proposed (Tang and Mecalla, 2003; Papanikolaou and
Grigoriadou, 2002; Weber and Specht, 1997; Brusilovsky,
1999}, Adaptation is particularly important in Web-based
education for at least two general reasons (Brusilovsky,
[998). First, most Web-based applications are designed for
a much wider variety of users than standalone application.
That is, a Web application designed with a particular class
of users in mind may not suit other users. Second, in many
cases the wser is alone working with a Web-based tutoring
system. This is similar to a teacher typically providing
adapted teaching content for an individual classroom
student. Besides, personalized service has also received
considerable attention (Mobasher et al., 2000) recently in
Web application systems because of information needs
differing among users. Examples of such systems include
the Citeseer website for literature search (NEC Research
Institute Researchlndex) (Research) the Yahoo search
engine for web page search (Yahoo! Search Engine) and
product recommendation agents for e-commerce (Xiao
et al., 2003} Currently, most adaptive/personalized tutoring
systems (Lee, 2001 ; Tang and Meealla, 2003; Papanikolaou
and Grigoradow, 2002) consider learmmer/user preferences,
interests, and browsing behavior when investigating leamer
behavior for personalized services. However, these systems
reglect the importance of leamer ability when implement-
ing personalized mechanisms. On the other hand, some
researchers emphasized that personalization should con-
sder levels of learmer knowledge, especially in relation to
learning (Papanikolaou and Grigoriadou, 2002; Brusi-
bvsky, 1999}, That is, the ability of individuals may be
based on major fields and subjects. Therefore, considering
learner ability can promote personalized learning
performance.

The Ttem Response Theory (IRT) (Baker, 1992;
Hambleton, 1985; Hulin et al., 1983) is a popular theory
in education measurement. It is usvally applied in
computerized adaptive testing (CAT) (Horward, 1990;
Hsu and Sadock, 1985) to select appropriate testing items
for examinees based on individual ability. The computer-
ized adaptive testing cannot only efficiently shorten the
esting time and the number of testing items, but also
precisely estimate examinee ability. Presently, the concept
of CAT is applied to replace traditional measurement
nstruments (which are typically fixed-length, fixed-content
and paper-pencil tests) in several real-world applications,
such as TOEFL (TOEFL), GRE (GRE), and GMAT
(GMAT).

To construct a personalized leamning pathway based on
smultaneously considering courseware difficulty level,

learner ability and learning concept continuity during
learning processes, a personalized Web-based instruction
system based on the modified Item Response Theory is here
presented to provide personalized curmiculum sequencing
services. The single parameter logistic model with difficulty
parameter proposed by Georg Rasch (Baker, 1992;
Hambleton, 1985; Hulin et al., 1983) is applied to model
varipus difficulty levels of courseware. In addition, IRT with
modified information function is presented to compute
matched degree for appropriate course materials recommen-
dations. This is because the original information function in
Item Response Theory (Baker, 1992; Hambleton, 1985;
Hulin et al., 1983} only considers the matched degree of
difficulty level of courseware with the leammer’s ability to
recommend courseware for learner. To recommend a
leamning pathway using the original information function
for individual learner leads to the obstacle of the
discontinued learming pathway, resulting in unnecessarily
advanced concept leaming. In modified Item Response
Theory, the information function is revised in relation to
concept continuity of the learning pathway. In this study,
after the SCORM metadata of courseware in the courseware
database is first processed by the Chinese natural language
processing (NLP) technigue, i.e. CKIP (CKIP), the cosine-
measure (Frakes and Bagza-Y ates, 1992; Chowdhury, 2004)
is applied to calculate concept relation degrees among
courseware. The concept relation degrees are applied to
modify the original information function in IRT in order to
obtain a smoother learning pathway for personalized
curriculum  sequencing. PWIS dynamically estimates
learner ability based on the proposed modified IRT by
collecting learner feedback after studying the recommended
courseware. Baszed on the estimation of learner abilities, the
system can recommend courseware with appropriate
difficulty levels to learners using the modified information
function. Restated, learner ability and the difficulties of
course materials are simultanecusly taken into account
when implementing a personalization mechanism. Mean-
while, the problem of concept continuity of learning

pathway is also considered while implementing personal-
ized curriculum sequencing because the information
function revision is based on concept relation degrees.

In summary, the proposed PWIS based on the modified
IRT provides learning paths that can be adapted to various
levels of difficulty of course materials and various abilities
of learners. Meanwhile, the concept continuity of leaming
pathways is also integrated by analyzing concept relation
degrees for all database courseware while applying
personalized curriculum sequencing. To prevent the leamer
from becoming lost in course materials, the system provides
personalized leaming guidance, filters out unsuitable course
materials to reduce cognitive loading, and provides a fine
learning guidance based on individual user profile.
Experimental results indicate that the proposed PWIS can
recommend appropriate course materials to leamers based



on individual ability, and help them to leamm more
effectively in a weh-based leamning environment.

2. System architecture

This section describes the system architecture and
personalized curriculum sequencing approach using the
proposed modified Item Response Theory. First an over-
view of system architecture is presented in Section 2.1,
Sections 2.2 and 2.3 then describe the system components
and detail the Item Response Theory with the modified
information function.

2.1, System architecture

Here, a personalized curriculum sequencing approach for
the proposed PWIS system based on the modified Item
Response Theory, which includes an offsline courseware
modeling process, four intelligent agents and four
databases, is presented herein. The four intelligent agents
are the learning interface agent, feedback agent, courseware
recommendation agent and courseware management agent,
respectively. These four databases include the user account
database, user profile database, courseware database and
teacher account database. The learner interface agent aims
at providing a flexible leamning interface for leamers to
interact with the feedback agent and the courseware
recommendation agent. The feedback agent aims at
collecting learner explicit feedback information from the
learning interface agent and storing it in the user profile
database for personalized cumiculum sequencing oper-
ations. The courseware recommendation agent is in charge
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of recommending a personalized leamming pathway to
learner according to learner feedback response and concept
relation degrees of courseware. Finally, the courseware
management agent with authorized account management
mechanism provides a responsive courseware management
interface, aiding teachers to create new course units, upload
courseware to the courseware database and delete or modify
courseware from the courseware database. The system
architecture is shown as Fig. |. Furthermore, we also
propose a courseware modeling process derived from the
computerized adaptive testing (CAT) theory (Horward,
1990; Hsu and Sadock, 1985) to assign courseware with
gppropriate difficulty parameters for personalized curricu-
lum sequencing service. The proposed courseware modeling
process successfully transfers the item-testing concepts into
courseware to provide courseware resources with the
corresponding difficulty parameter for personalized curri-
culum sequencing service. The following section details the
system architecture operating procedure.

Based on the system architecture, the details of system
operation procedure are described as follows:

Step 1. Courseware experts design testing items for
learning content. According to the IRT, the
difficulty parameters of these testing items
can be determined through statistical method.
After that, courseware with web page type
can be designed according to the conveying
concept of the comesponding testing item.
The detailed courseware modeling process is
described in Section 2.2, The designed
courseware can be maintained through the
courseware management agent and stored
into the courseware database.
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Fig. 1. The system architecture.



Step 2.

Step 3.
Step 4.

Step 5.

Step 6.

Step 7.

Step 8.

Step 9.

Step 10.

Step 11.

Step 12.

Step 13.

Step 14.

Teachers access the system to upload, delete
or revise courseware in the courseware
database by the legal teacher’s accounts.
Teachers maintain the courseware database
through the courseware management agent.
Learner logs in the system through the
learning interface agent.

As a leammer logs in the system, the leaming
interface agent checks his account in the user
account database. If the learner has already
registered, the system will get his leaming
profile from the user profile database.

The learning interface agent gets the contents
of courseware from the courseware database
and exhibits them for the learner.

If the learner has owned a legal account in
our system, the learning interface agent will
get his past leamning records from the user
profile database to provide personalized
learning service. Otherwise, the system will
add a new record into the user profile
database for this learner.

Asthe learning interface agent gets learner’s
information from the courseware database,
user account database and user profile
database, the system will recommend an
gppropriate courseware to learner.

The learner needs to reply to two simple
guestionnaires, i.e. the difficulty level and the
comprehension percentage for the learned
courseware in order to provide personalized
learning service.

The learning interface agent passes the
learner feedback information to the feedback
agent.

The courseware recommendation agent
evaluates the leammer ability according to
the learner’s feedback responses using the
modified IRT.

The feedback agent records the leamer’s
feedback responses into the user profile
database.

The courseware recommendation agent
obtains the difficulty parameters of learned
courseware from the courseware database.
The courseware recommendation agent cal-
culates the comresponding information func-
tion value of each courseware in the learned
courseware unit according to the evaluated
learner ability, difficulty parameter of course-
ware and concept relation degrees of course-
ware, then ranking all courseware by the
order of modified information function
values. Finally, it transfers the results to the
learning interface agent and offers a list of
recommended courseware for the leamer.

Step 15, The learner information, which includes
aility, learner response, and learning paths,
& calculated by the courseware recommens=
dation agent will be recorded in the user
profile database.

Step 16. The learning interface agent displays a list of
recommended courseware for the leamer and
waits for hisher feedback response. After the
learner selects the next courseware for
further learning, the system’s operating
procedure will return to Srep &, and will
mntinue to run the leaming cyele from Srep 8
to Step 16 until the leamer logs out the
sy ster.

2.2, System components

2.2.1. Courseware modeling process

The courseware modeling process presents a detailed
courseware design procedure to establish the difficulty
parameters of courseware and courseware contents for
personalized courseware recommendation. In our previous
gudy (Chen et al., 2005), a voting approach was proposed to
determine difficulty parameters of courseware by integrat-
ing experts’ decision and learmners’ voting through a linear
combination with different weights. However, the method
assumes learners will provide completely confident voting
results to fine twne the difficulty parameters of courseware
predefined by course experts. This method might be
subjective and easily influenced by learners’ abilities and
background knowledge. Therefore, this stwdy prefers a
statistics-based method through a conscientious test process
to determine the difficulty parameters of courseware. Since
this strategy derives from the computerized adaptive testing
(CAT) theory, it is more reasonable and logical than the
previous work., The detailed flowchart of the courseware
modeling process is illustrated as Fig. 2.

To design a course of C language programming as an
example, several experienced teachers were invited as
courseware experts to analyze the primary concepts for the
course of C language programming in the courseware
modeling process. The courseware experts also designed the
corresponding testing item for each leaming concept. That
is, the testing items are regarded as key characteristic of the
corresponding learmning content. Besides, about 500 exam-
inees who have majored in the course of C language
programming to join the exam, which contains 33 testing
items to cover those leaming concepts. According to the
IRT, their testing data was analyzed by the BILOG program
to obtain the appropriate difficulty parameters for these
testing items. After that, the web page of courseware was
designed following the conveying content of the corme-
sponding testing item. Since the content of courseware is
derived from the concept of the testing item, it is assigned
the difficulty of courseware equals the difficulty of
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Fig. 2. Courseware modeling process.

the comesponding testing item in this study. This approach
avoids some subjective factors from leamners with different
knowledge background, thus can obtain more confident
difficulty parameters for personalized curriculum sequen-
cing service.

2.2.2, Courseware management agent

The courseware management agent administers the
details of maintaining the courseware database. This agent
provides a friendly user interface for teachers to upload,
delete or revise the content of courseware in the courseware
database. By checking the accounts of teachers in the
teacher account database, the system only permits a user
with legal account to manage the courseware database
through the user-interface. Using this interface, system
administrator also manages teachers’ accounts, course
categories, course units and course content. In order to
facilitate easier courseware exchange with other e-leaming
systems, all courseware in the courseware database has
followed the standard of SCORM 1.2 (Sharable Content
Object Reference Model) metadata information model
(Advanced Distributed Leamning; SCORM, 2001} Each
courseware in the courseware database has a comresponding
XML binding file to record important SCORM metadata,
which conveys the main courseware concept. Meanwhile,
the courseware management agent also provides an inter-
face for teachers to maintain the SCORM metadata for the
relevant courseware. In this study, both the fields of
description and keyword in the SCORM metadata infor-
mation model are used to calculate the concept relation
degrees among courseware for modifying the original
information function using Chinese natural language
processing (CKIP) and information retrieval (Frakes and
Baeza-Yates, 1992; Chowdhury, 2004) methods. Fig. 3

illustrates the maintained interface of SCORM metadata in
this system.

2.2.3. Learning interface agent

The learning interface agent provides a friendly leamer
interface to interact with leamers, conveys the leamers’
feedback information to the feedback agent, and receives
the recommendation result from the courseware recommen-
dation agent. Through the learning interface agent, learners
can choose interesting course categories and units to study.
Learners can also enter appropriate keywords for searching
the meeded courseware for content through the system’s
search mechanism during a learmning process. If a learmer
visits the personalized Web-based instruction system for the
first time, he/she must register as a legal user by inputting
his'her e-mail address. After a beginner logs into, the
learning interface agent will select courseware with
moderate difficulty for himvher and ask him/her to reply to
two simple questionnaires as described in a later section for
personalized curriculum sequencing service during a
learning process. The leamning interface agent will convey
the learner’s response to the feedback agent and courseware
recommendation agent for evaluation and conseguent
recommending of appropriate courseware. If the leamner is
an experienced learner, the system will get his/her previous
ahility in this course unit from the user profile database, and
recommend appropriate courseware.

224, Feedback agent

In order to facilitate more precise personalized curricu-
lum sequencing mechanisms, learner must provide feedback
esponses by replying to two simple guestions, ie. the
difficulty level and the comprehension degree for the
recommended courseware. The feedback agent gathers
this information from the interface agent into the user
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Fig. 3. The maintained interface of SCORM metadata in our system.

pofile database. According to the IRT, if a learner
understands the content of the learmed courseware, then
histher ability in the course unit will be promoted.
Conversely, a leamner's ability will be descended if he/she
cannot understand the leammed courseware content. The
original IRT can comrectly estimate learner ability by
learner’s response (i.e. understanding or not understanding
answer). Finally, the feedback agent conveys the feedback
information, i.e. difficulty level and understanding or not, to
the courseware recommendation agent in order to evaluate
learner ability and recommend appropriate learning course-
ware to learners.

2.2.5. Courseware recommendation agent

Estimating the leammer’s ability enables the system to
recommend the appropriate courseware to learners. The
courseware recommendation agent first estimates leamer
ghility using the Bayesian estimation procedure, then
evaluates the modified information function value of
courseware and ranks courseware based on the modified
information function value of courseware for personalized
courseware recommendation. Fg. 4 illustrates the operation
procedure of the courseware recommendation agent. The
following subsections first describe how to evaluate
learner’s ability and recommend appropriate courseware
o leamers based on the IRT in detail.

22.5.1. Courseware modeling and learner’s ability esti-
mation. To estimate leamer’s ability, the item characteristic
function with a single difficulty parameter proposed by

s EE thuw

Rasch (Baker, 1992; Hambleton, |985; Hulin et al., |983)is
used to model the courseware. The formula of item
characteristic function with single difficulty parameter is
defined as follows:

(=)
EJ'J-. 1)

(1)
where F;(0) denotes the probability that learners can
understand the jth courseware at a level below their ahility
level @, b is the difficulty of the jth courseware, and D is a
constant 1.702.

Two methods are widely used in assessing leamer's
ahility. They are the maximum likelihood estimation (MLE)
and Bayesian estimation approaches (Baker, 1992; Ham-
bleton, 1985; Hulin et al., 1983). Although, the procedure of
MLE is simple and easily implemented, it has the problem
of producing divergent estimation for leamer’s ability when
the leamer gives complete understinding or not under-
standing responses for all leamed courseware during a
leaming process (Baker, 1992} MLE will overestimate
learner’s ability in the completed understanding case.
Conversely, MLE underestimates leamer’s ability in the
completed not understanding case. Compared with the
procedure of MLE, although Bayesian estimation method is
more complex and less efficient, it can nevertheless solve
the divergent estimation problem in the MLE procedure.
Basically, prior-information on the distribution of the
learner's abilities is employed here to estimate leamer’s
ghility (Baker, 1992), Hence, the Bayesian estimation
procedure always converges for all possible learners’
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responses (Baker, 1992). For this reason, the Bayesian
estimation procedure is applied to estimate learner’s ability
in this study. Bock and Mislevy (Baker, 1992} derived the
guadrature form to approximately estimate learner’s ability
as follows:

g
S0l by u, [0 ACH)
== (2)
5 L0y, fy e Wy [0 ATEL)
&

where @ denotes the learmer’s ability of estimation, L, ua.
voualty Be) 5 the value of likelihood function at a level below
their ability level #; and leamer’s responses are .0, ..,
!, & the kth split value of ability in the standard normal
distribution, and A(8 ;) represents the quadrature weight at a
level below their ahility level .

In Eq. (2), the likelihood function L{u,ka,... ul0;) can
be further described as follows:

Liwy, wa. s 0) = [ [ PAOIHQi(00)' ™ (3)

where E,-(Hk}= [ePhE i | 4 MRy, Qb= 1= Pl
F(f¢) denotes the probability that learmers can understand
the jth courseware at a level below their ability level &,
(2;0;) represents the probability that leammers cannot
understand the jth courseware at a level below their ability
level #;. U; and is the understanding or not understanding
answer obtained from learmer feedback to the jth course-
ware, i.e. if the answer is understanding then U;=1;
otherwise, L;-='l'.l.

In the system presented here, learner abilities are
limited to between =1 and =+ 1. That is, leamers with
ahility #= = are viewed as the poorest, those with ability
=1 are viewed as having moderate abilities, and those
with ability =1 are viewed as having the best abilities.
This system estimates learmner abilities based on leamer
feedbacks. If learners can understand the content of the
recommended course material, then leamner ahbilities will be
promoted based on the estimated formula of learner abilities
mentioned in Eg. (2); otherwise, leamner abilities will be
demoted. The current system sends the abilities of new
learners to the course recommendation agent, after which
the course recommendation agent ranks a series of
appropriate course materials in the course database
according to the new ability. The next two subsections
show how to recommend appropriate course materials to
learners based on learmer abilities uwsing the information
function and modified information function, respectively.

2252, Couwrseware recommendation using information
Junction. In IRT, two approaches are used to recommend
gppropriate courseware to the learner. They are the
maximum information strategy and Bayesian strategy
(Baker, 1992; Hambleton, [985; Hulin et al., 1983),
respectively. Maximum information strategy emphasizes
that each courseware with the corresponding difficulty
parameter exhibits different information to learmer’s
learning. Courseware with higher-information value is
more suitable to be recommended for the learner. Since
the Bayesian strategy is more complicated than the
maximum information approach, the maximum information



method is applied to recommend appropriate courseware.
The maximum information function is defined as follows:

(1L.7)?
[e TEEI[] + e TEE

1) = )
where [;{ll) is the information value of the jth courseware at
a level below their ability level #, b; & the difficulty
parameter of the jth courseware.

After calculating the comesponding information values
of courseware in a course unit, the course recommendation
agent can recommend a series of courseware to learmer with
ahility £ according to the ranking order of information
function value. A courseware with the maximum infor-
mation function value under leamer with ability ¢ indicates
that the system presented here gives the highest recommen-
dation priority. Whether the learner accepts the rec-
ommended courseware with highest recommendation
priority or selects the other recommended courseware to
do further learning, our system will record learner’s learning
paths and learner’s feedback responses into the user profile
database during a leaming process. The learning infor-
mation in the user profile database is also helpful for
developing personalized learmning pathway analysis and
learning diagnosis mechanisms.

2.3, ltem response theory with the modified information
fenction

Since the orginal information function in IRT only
considers the matched degree of difficulty level of
courseware and learner’s ability to recommend courseware,
the problem arises of discontinued learning pathway.
Therefore, this section explains how the concept relation
degrees can be applied to modify the original information
function in IRT to obtain a smoother learning pathway for
personalized curriculum sequencing.

2.3.1. Metadata preprocessing

First, two metadata fields of the comesponding XML
binding file of courseware are selected to represent the
conveyed leamning concept for a courseware. They are
description and keyword fields in the SCORM 1.2 metadata
information model shown as Fig. 3, respectively. In order to
calculate the concept relation degrees for modifying the
information function in the original IRT, metadata
preprocessing is required because the description field in
the SCORM 1.2 metadata information model is described
wwing Chinese natural language in this study. Thus, the first
phase of metadata preprocessing aims to perform word
segmentation using Chinese knowledge information proces-
sng (CKIP) in order to describe the metadata field of the
corresponding XML binding file of courseware so that
separated linguistic terms can be obtained. The second
phase of metadata preprocessing filters out non-textual
words (e.g. numeric data, symbols, notation and ASCII

drawings) and one-word terms because they do not carry
any usable information for calculating concept relation
degrees.

2.3.2, Estimation af concept rvelation degree

To  estimate the concept relation degree of
two courseware, the vector space model (Frakes and
Baeza-Yates, 1992; Chowdhury, 2004) is applied to
represent each courseware as vectors in a multi-
dimensional Euclidean space. Each axis in this space
corresponds to a linguistic term obtained from word
segmentation process. The coordinate of the ith course-
ware in the direction comesponding to the kth linguist
term can be determined as follows:

N
Wi = t-F-Ik > lﬂEE = t-F-Ik » IDF (5)
k

where wg mpresents the importance/weight of the kth
term in the ith courseware, iy, is the term frequency of
the #th term, which appears in the ith courseware; N
denotes the total number of courseware in a course unit,
dfi & the document frequency of the kth term, which
gppears inm a course unit.

Assume that there are total m terms under union of all
linguistic terms of the it courseware and jth courseware.
The concept relation degree for the ith and jth courseware
can be found using the cosine-measure, and listed as
follows:

m
2 WinWg
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where c;={wi.Wiz.... Wip...Wom) and c;={wj1.wa.. . Wg,
...,L-.",-,,J, respectively, represent the wvectors in a multi-
dimensional Euclidean space for the ith and jth courseware,
rij denotes the concept relation degree between the ith and
Jjth courseware.

Assume that there are totally » courseware in a course
unit, the concept relation matrix for all courseware can be
expressed by the matrix R, and listed as follows:

LT
o Fu "2 Fln
R= g P T e Iy (7)
Cy P Pz Fan d nin

2.3.3. Madified information function

This section describes the details of the modified
information function. Assume that the learner has leamed
the kth courseware in a course unit. Thus, the modified
information function applied to recommend the next most
appropriate  courseware for the learner could be



represented as follows:

(177

iy = (1 =w) Xx—= = 3
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+ WX Fijs
j=1=~n, but j*& (&)

where {;f(ﬂ’} is the modified information function value of
the jth courseware at a level below their ability level #
after the learner has leamned the &th courseware, b; is the
difficulty parameter of the jth courseware, ry is the
concept relation degree of the kth courseware with jth
courseware, and w & an adjustable weight.

In Eg. (&), the modified information function derived
from a linear combination of the originmal information
function and the concept relation degree of the &th
courseware with the jth courseware is applied to perform
curriculum sequencing for individual leamer. The roles of
both parameters &; and ry in the Eq. (8) are easily
observable according to their mathematical meaning.
From Eq. (%), we can infer that if the ability level & of
a learner is closer to the difficulty parameter b;, then the
value of the modified information function is larger.
Similarly, if the concept relation degree ry; & higher, then
the value of modified information function is also larger.
That is, a larger value of modified informartion function
represents a more appropriate courseware for learners, In
our system, the course recommendation agent can
recommend a series of courseware to a leamer with
ahility # according to the ranking order of modified
information function wvalue after calculating the comre-
sponding modified information function values of course-
wiare in a course unit.

3. Experiments

To verify the leaming efficiency and effectiveness for the
proposed personalized curriculum sequencing approach, the
prototype of the system has been successfully implemented
and some university students who have majored in the
course of C language programming were invited to test this
system. Currently, the URL address of the web site is
available at http:/192.192.6.86/irt2/. The detailed functions
of this system and experimental results are described as
follows.

A1 Course terminologies

Various course terminologies related to course design are
first explained to describe experimental results. Courses
created by teachers using the course management interface,
can be categorized as titles of ‘Newral Networks' and *C
Language Programming’, etc. Moreover, a course can be
further divided into several course units by analyzing
teaching content. Furthermore, a course unit involves many
relevant course materials that convey similar concepts, but

such course materials are associated with different levels of
difficulty. The course modeling process determines the
difficulty parameter of each piece of course material. That
is, course material organized on a single Web page is the
smallest course element in the proposed system. For
example, the course unit, ‘Loop’, in the course category,
‘C Language Programming’, includes many similar course
materials with various levels of difficulty, to convey the
concept of the ‘Loop’.

3.2, Experimental environment

At present, the proposed prototype is implemented on
the platform of Microsoft Windows 2000 with 115 5.0
Web server. Moreover, the front-end script language of
PHF 4.3 and MySQL server are used to implement this
systerm. As a leammer logs into this system, a course unit
that is interesting to them can be chosen. Fig. 5 shows
the entire layout of the leaming interface. In the left
frame, system shows the course categories, course units
and the list of all courseware in the courseware database.
While a leammer clicks a courseware for leaming, the
content of selected courseware will be exhibited in the
upper-right window. Besides, the feedback interface is
arranged in the bottom-right window. The proposed
system can get leamer's feedback response from the
interface of feedback agent through leamer replies to two
guestionnaires shown as Fig. 6

The answer of guestion one can be served as an
investigation of leamer’s satisfactory degree for the
recommended courseware. The S-point Likert-scale
proposed by Likert in 1932 (Likert, 1932) is applied to
define various scaled answers. In a variation of standard
Likert-scale, this study uses a scale where —2 indicates
‘very easy’, — 1 is ‘easy’. 0 is ‘moderate’, | is ‘hard’
and 2 is ‘very hard’. If a learmer feels that the
recommended courseware is guite suitable to him, then
the averaged value of his answers should be very close
to zero, i.e. ‘Moderate’. The answer of guestion two
helps system to get the learner’s understanding degree
for the recommended courseware. The system conveys
these two feedback responses to the courseware
recommendation agent to evaluate learner ability. After
a learner presses the button of analysis, this system will
reveal a list of the recommended courseware based on
his current ability. Fig. 7 shows an example of
courseware recommendation based on learmer ability
after learner gives corresponding feedback response,
and the recommended courseware ranked by the order
of their information values. The title (fgﬁ%ﬁ} indicates the
subject of the courseware; the recommendation
({ﬁ%*ﬁ%{} denotes the information wvalue of the
recommended courseware; and the description ({'ﬁﬁﬁ}
gives a brief description for the comesponding course-
ware. The length of bar line in the column of
recommendation indicates the information wvalue of
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Fig. 5. The entire layout of learning interface for learner.

the corresponding courseware. The longer bar line
implies a more suitable courseware for leamer. On the
contrary, the shorter bar line implies an unsuitable
courseware for learmer. The study frequency shows the
learned frequency of courseware by a learmmer from past
o nowadays. Moreover, the understanding degree shows
the learner feedback response for the second gues-
tonnaire. This display of information can help leamer to
mderstand his‘her current learning situation in a course
unit. Besides, Fig. & shows the interface of the
courseware management agent for teachers to tune the
difficult parameters for courseware in a course unit.

1.3, Experimental results and analvsis

The course unit, ‘Loop” under the course category, *C
Language Programming’, is used to obtain the experimental
results because this course unit presently contains more
course materials to support personalized curriculum
sequencing. Currently, the ‘Loop”™ unit includes a total of
3 course materials with various levels of difficulty to

convey similar concepts of loop. One hundred seventeen
learners logged in the system, and the user profile database
includes 1731 records.

131 Estimation of learner’s ability

Currently, this system only contains a small amount of
courseware because to produce high guality courseware
needs a large amount of manpower to join this work. In our
experiments, C language programming is selected as a
course unit to provide personalized curriculum sequencing
services. All designed courseware of C language program-
ming and their comesponding difficulty parameters deter-
mined by the proposed courseware modeling process are
listed in Table 1. Actually, to expand the courseware
database and supply more abundantly courseware for
learners are urgently needed in our future work. In this
system, the range of learner’s ability and difficulty
parameter of courseware are limited from —1 (i.e. lowest
ahility and simplest courseware) to <+ | (i.e. highest ahility
and most difficult courseware). As a leamer logs in this
systemn, if the user account database does not have any

Feedback || course materials?

Question 1:How do you think about the difficulty of the

[T lvery easy [€ [Easy [# Middie [€ [Hard [T Mary hard

Cuestion 2: Can you
understand the content of the | Analysis

course materials? [ Mo [ yas

Fig. 6. Two questionnaires for getting leamer’s feedback information.
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The corresponding difficulty parameter for each courseware in the *Loop” unit

SR R PR ) Using opportunity of nested loop 0.4
FOR GEFEEEF ECH ) Example 2 of “for™ instmection 0.57
FOR Sl REl e A T Example 2101 “for™ instruction 01
FOR R AR Using opportunity of “for” instruction 0.5
FOR Sl FE R 52 80 Defimtion of “for”™ instruction 0.1
FOR b AL 1) Flowchart of “for” instruction -0.27
HELR A 02 25 Definition of nested loop 0,27
LN EHE R A ) Example 1 of nested loop 0.3
FELEE HE R FI VT ) Example 2 of nested loop 0.7
FREALN ! s U ] ) Example 3 of nested loop 0,53
while J5iL7T8T Introduction of syntax of “while” instruction 0.1
while {fii ¥4 Flowehart of “while™ instruction 023
while JH[EEIF ¢ -0 Example | of “while” instruction 0.4
while Jd[EFEH () Example 2 of “while” instruetion 0.3
do while JHE7EY Intreduction of syntax of “do while™ instruction 017
do while #i#E Flowchart of “do while” instruction 0.1
do while JFEFEH () Example 1 of “do while” instruetion 0.23
do while JMEEFRE ¢ 0 Example 2 of “do while” instruction 0.37
ME 3 44 Introduction of infinite loop instruction 017
MER I AR Flowehart of infinite loop instruction 037
et BT () Example 1 of infinite loop instruction 0.1
break if4E4TET Introduction of syntax of “break™ instruction 017
break FEFR Flowchart of “break’ instruction 0.3
break fiEfd (— 1 Example | of “break”™ instruction 013
break (A ¢ 2 ) Example 2 of “break”™ instruction 013
continue (57575 Introduction of syniax of “continue™ instruction 0.047
continue FHEEEE] Flowehart of “confinue™ instruction 03
continue §EfA - -) Example 1 of “continue™ instruction 0.067
continue FEH| (71 Example 2 of “continue™ instruction 0,23
poto (LT Intreduction of synfax of “goto™ instruction 0.1
goto HiPEE Flowehart of “goto™ instruction <017
goto TEF (1 Example 1 ol “gote” instruction 0,13
goto fiEA] ¢ ) Example 1 of “goto” instruction 0.37

history records in the selected course unit for this leamer,
then his initial ability will be regarded as (. That is, the
gystem assumes learner’s ability is moderate level. As a
learner clicked the recommended courseware for learning,
his'her ability in this course unit will be re-evaluated

according to his/her feedback responses and the comespond-
ing difficulty parameter of the leamed courseware. Figs. 9
and 10 show the plots of relationship between the difficulty
parameters of the clicked course materials with the
adjustment of the learner’s ability. In Fig. 9, the leamer is
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Fig. 9. The relationship between the difficulty parameter of the clicked
course material and the adjustrment of the learner’s ability for learner with
high ability.

assumed to respond ‘yes’ to the guestion, ‘Do you
understand the content of the recommended course
materials? asked of the 20 clicked course materials. If
learners understand the more difficult recommended course
materials, then the tuned value of leamer ahility will be
large. In contrast, if learmers understand less difficult course
materials, the tuned value of learner ability will be small.
Conversely, in Fig. 10, the leamer is assumed to respond
‘no’ to the question, ‘Do you understand the content of the
recommended course materials? asked of the 20 clicked
course materials. These two experimental results imply that
the proposed system can indeed comrectly evaluate leamner’s
ahility according to the difficult level of learmned courseware
using Bayesian estimation procedure.

1.3.2. Curriculum seguencing using the oviginal
information function

To observe the effect of personalized curriculum sequen-
cing, the original information function is first applied to
perform the curriculum sequencing service. Figs. 1] and 12
present the relationship between the ability of the leamer to the
difficulty parameter of the recommended course material for
learners with various abilities. The experimental result shows
the difficulty parameter of the recommended course material is
strongly correlated with learnerability. This result implies that
the proposed system can indeed recommend appropriate
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Fig. 10). The relationship between the difficulty parameter of the clicked
course material and the adjustrment of the learner’s ability for learner with
lowr ability.

Ability v.5. The difficulty of recommendad coursswars
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Fig. 1l. The relationship betwesn learner’s ability and the difficulty
parameter of the recommended course material for learner with high ability.

course materials to learners, according to their abilities.
Moreover, the experimental result in Fig. || indicates that the
proposed system recommends the same courseware with
difficulty parameter (1.7 to learner from the [0th to the 2(th
learning iterations. Meanwhile, the experimental result in
Fig. 12 also indicates that the proposed system recommends
the same courseware with difficulty parameter — 0.5 tolearner
from the Gth to the 20th leaming iterations. This phenomenon
is logical because the courseware with difficulty parameters
0.7 and = 0.5 is the most difficult and simplest courseware in
the ‘Loop” unit, respectively.

Mext, to analyze the learmning pathway recommended by
the original information function, the experiment of
learning process is performed to obtain the learning pathway
sequence for the learners with various abilities. Tables 2-4
illustrate the comesponding leaming process recommended
by the original information function for learners with high,
low and moderate abilities, respectively. In our experiments,
assume that learner accepts to learn the courseware
according to the ranking order of courseware recommended
by our system if the recommended courseware has not been
learned by learmer. In this manner, if the recommended

Ability v.5. The difficulty of recommeandad coursewars
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Fig. 1Z. The relationship between learner’s ability and the difficulty
mrameter of the recommendzd course material for leamer with low ability.
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The learning process recommended by the original information function for a learner with high ability
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The learning process recommendad by the original information function for a learner with moderate ability
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courseware of top | has been learned by leamer, then learmer
will select the recommended courseware of top 2 to do
leamming, and so on. To analyze the experimental results
illustrated in Tables 2=4, we also find that the difficulty
parameter of the recommended courseware of top | is
strongly correlated with leamer ability. These results imply
that using the orginal information function can indeed
recommend appropriate courseware to leamers, according
to their abilities. However, we also find that the concept
relation degree of the clicked courseware with the
recommended courseware of top | illustrated in Tables
2—4 is very low for any successive leamning process, thus
producing overly discontinued leaming concept.

333, Curriculum seguencing using the modified
information function

To improve the drawback of cumiculum sequencing
recommended by the original information function,
the experiment of leaming process recommended by the
modified information function is performed to obtain the
learning pathway sequences for learners with various
abilities. Tables 5=7 illustrate the comesponding learning
process recommended by the modified information function
for learners with high, low and moderate abilities,
respectively. In this experiment, the adjustable weight w
for the modified information function is set as (.6 because
we hope to emphasize the importance of concept relation
degree. The experimental result shows that the courseware

recommended by the modified information function also
reserves the advantage recommended by the original
information function, which can give appropriate course-
ware recommendation to learners, according to individual
learner ability. Fg. 13 shows the relationship between
learner ability and the difficulty parameter of the
recommended course material also confirms this fact. In
addition, Fig. 14 gives a comparison of concept relation
degrees recommended by the original information function
with the modified information function. It is very obvious
that the recommendation strategy using the modified
information function always recommends smoother
learning pathways to leamers than the original information
function. Accordingly, the leaming concepts with high
concept relation degree will be successively recommended
during the learning process under simultaneously consider-
ing the learner ability and difficulty levels of courseware.
This is very beneficial for leamer because it can guide
learner to achieve more effective leaming.

Finally, to deal with the influence of the parameter of
adjustable weight w in the modified information function for
curriculum sequencing, Fig.15 shows the plot of relation-
ship between leamer ability and the difficulty parameter of
the recommended course material, which uses various
adjustable weights for courseware recommendation during
the leaming process. The experimental result shows that the
difficulty parameter of the recommended course material is
sgrongly correlated with learner ability if the adjustable
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weight wis set as a smaller value, but the concept continuity
of leaming pathway will be negelected. In contrast, the

experimental result also shows that the similar leaming
concepts will be successively recommended during

neighboorhood leaming process if the adjustable weight w
is set as a larger value, but the difficulty parameter of the
recommended course material will be weakly cormrelated
with learner ability. In this manner, this study suggests that
the adjustable weight w is set as (1.6 can satisfy the needs of

0.8

curriculum sequencing and obtain high quality courseware

recommendation.

4. Conclusion

Learnar's sbiity v.s. The difficulty of recommeanded coursewars

| == Ability =8 Diffiucity of recommanded coursswars
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Saguence lesrning iterstions of clicked course materisls

The relationship between learner’s ability and the difficulty

parameter of the recommended course material during the learning process
{The adjustable weight is szt as (1L.6).

This study proposes a personalized Web-based instruc-
ton system (FWIS) based on the proposed IRT with
modified information function, which can estimate on-line

—&— Racommeandead by the original information function
—#— Racommendad by the modified information function

Concept relation deqgres
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Saguence lesming iterstions of clicked course materials

Fig. 14. Comparison of concept relation degrees recommended by the
original information function with the modified information function during
learning process.



Ability v.3. The difficulty of recommended coursewars
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Fig. 15. The relationship between learner’s ability and the difficulty
pameter of the recommended course material using variows adjustable
weights during learning process.

the ahilities of learners and recommend courseware with
gppropriate and smoother learning pathways to leammers.
Compared to the original IRT, the modified IRT can
smultaneously consider courseware difficulty level, lear-
ner's ability and the concept continuity of successive
courseware while implementing personalized curriculum
sequencing in learning processes. The PWIS provides
personalized Web-based instruction according to course-
ware visited by learners and their responses. Moreover,
courseware difficulty parameters can also be comrectly
determined by the proposed courseware modeling process.
Experimental results indicate that the proposed system can
precisely provide personalized curriculum sequencing
based on learner abilities and concept continuity of
successive courseware, and moreover can accelerate
learner’s leamning effectiveness. Importantly, learners only
need to reply to two simple guestionnaires for personalized
curriculum sequencing. Besides, to provide personalized
e-learning services more intimately, our future research will
consider some aided leamning tools such as personalized
learning pathway analysis and diagnosis agents.
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