(1/ 2)
An I ntelligent Student-Modelbiyng a
aCharacteristi cRuPzoziyntl-nBaesedice Sy s

Y [
NSC 91 2520 S 041 001
915 1 91 12 31

O 0o og



(17 2)
An I ntelligent Student-Modelbiyng a

aCharacteristi cRuPzoziyntl-nBaesedice Sy s
NSC 91-2520-S-041-001
91 5 1 91 12 31

E-mail: gtkyin@mail.chna. ed

Abstr act

To promote the competitive advantage, learning
and knowledge management has become one of the
major works conducted in enterprises. The

19971 ( ADL) Department of Defense and the White House Office of
Science and Technology Policy of U.SA. started the
Advanced Distributed Learning (ADL) initiative in
November 1997. The purpose of ADL is to
accelerate large-scale development of dynamic and
cost-effective learning software. It is aimed to meet
SCORM the education and training needs of Defense and
industry in the 21st century. SCORM is the model

(CPFI1 S) proposed by ADL to fulfill its vision.
CPFI S The aim of this research is to construct an
intelligent student-model and pedagogical agent by a
SCORM characteristic-point-based fuzzy inference system
(CPFIS) in the structure of SCORM. CPFIS is
CPEI S employed to present the expert knowledge of teachers
(LMS) and the students' status of learning. CPFIS has the
advantage of small number of fuzzy rules. This
advantage will make fuzzy rules more understandable
and the interaction between human being and machine
much easier. By using the learning scores embedded
in the learning objects, the student model can be
SCORM CPFI S constructed by CPFIS. Then, with the learning
ADL management system (LMS) in servers, the student
RTE1. 1 Content Pac k ag gnodel can be combined to become an intelligent
LMS tutoring system. The system can automatically
Appl et arrange the learning contents based on the feedback of
the scores of the student’s learning. This will make
Iearnigl%1 po{gemeffeictirvel and comparable with the

learning'in the INStrtiction of teachers.
This report is the first part of this research.
The major work is to implement both the student
SPM model and teacher’s knowledge base by CPFIS in the
structure of SCORM. Starting from the run-time
environment example RTE1.1 and the content package
examples of ADL, the teacher's knowledge base and
SCORM the student model are included in LMS and appletsin
SPM client sides, respectively. The structure of the system
is completed. In the second part, we will apply this
LMS to implement a web-based tutoring system for
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SPM (Statistical Parametric Mapping). SPM is one
of the major tools for analyzing brain tomography.
Although it is effective, SPM assumes that the users
have fundamental knowledge of statistics and imaging
processing. Hopefully, the implementation of the
web-based tutoring system of SPM in this research
will provide an easy tutorial for local researchers and
practitioners in brain tomography.

Keywords. Characteristic points, fuzzy inference
system, SCORM, intelligent tutoring system, SPM.
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