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INTRODUCTION

While technology and human abilities have evolved
over the years, individuals still have limitations in their
abilities to accomplish certain tasks. This may be due
to limits on financial or cerebral resources. Informa-
tion needs have expanded and evolved as well. With
the spurring of globalization and flatter hierarchies in
organizations, ithas become imperative that individuals
are able to analyze, in shorter periods of time, informa-
tion that is more complicated and wider in scope.

An increasing number of countries are expanding
their companies across many borders, and as events and
changes create more dynamic situations, these com-
panies are turning more towards flexibility than rigid
structures. The context of these situations, however,
is a greater limitation of resources as organizations
also try to emphasize efficiency in their processes.
This creates a steady, and even increasing, demand
for expert systems.

Anexpertsystem, also known as aknowledge-based
system, is a computer-based system that uses captured
human knowledge to solve problems that ordinarily
require human experts (Foltin & Smith, 1994). This
system is also considered as a branch of artificial in-
telligence that aims at making computers capable of
emulating human reasoning behavior (Holsapple &
Whinston, 1987). Like a human expert, an expert sys-
tem is able to use stored expertise in making inferences
about a situation, offer recommendations, and provide
explanations to a user. The value of expert systems in
providing decision support has long been recognized
and is widely accepted today.

The goal of expert systems is to ensure that scarce
expertise can be utilized when a human expert is not
available (e.g., dueto cost, other commitments, illness,
and retirement) and when efficiency or consistency
of an expert needs to be enhanced. Expert systems
can be utilized to alleviate these needs from simple
to complex situations. For example, when a decision
maker needs some expert advice about a problem, a
human expert may not be available. Instead of waiting

or paying to consult another human expert, the decision
maker could immediately consult an expert system to
get comparable advice.

Unlike traditional data processing techniques that
require complete modeling and precise data, an expert
system uses information that is not always entirely
consistent or complete but still can produce satisfac-
tory answers and useful approximation (Bonczek,
Holsapple, & Whinston, 1981). Expert systems can
tackle problems that require judgmental decisions. For
instance, MYCIN, an early expert system application,
recommended treatments for suspected meningitis and
other bacterial infections of the blood by analyzing a
physician’s observations of a patient (Scown, 1985).

Expert systems are most often used as intelligent
assistants or consultants to human users. They can be
used to solve routine problems, thus, freeing the expert
for more novel and interesting ones. Some corpora-
tions even see an expert system as a way to collect
and preserve “corporate memory” because an expert
system never retires, becomes sick, or leaves (Scown,
1985).

BACKGROUND

Generic Architecture of an Expert
System

Expert systems have emerged as an economically
rewarding branch of artificial intelligence (Jancura,
1990). They also form a subgroup of decision support
systems. In order to emulate a human expert’s behav-
ior, the reasoning knowledge for a particular problem
domain must be acquired and stored in the computer.
Furthermore, there must be software that is able to
actively process such knowledge in order to derive
advice for a user. A generic architecture of a decision
support system, and thus an expert system, developed
by Bonczek, Holsapple, and Whinston (1981) is shown
in Figure 1.
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Figure 1. Generic architecture of an expert system (Source: Adapted from Holsapple and Whinston, 1996, p.
173)
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As shown in Figure 1, the generic architecture of

an expert system consists of four essential components
as follows:

ALanguage system: A language system consists
of all messages an expert system can accept (i.e.,
all requests that a user can make to the system).
A Presentation system: A presentation system
consists of all messages an expert system can emit
(i.e., all responses that the system can present to
a user).

A Problem processing system: The problem
processing system of an expert system is com-
monly called an inference engine. This engine is
a program’s protocol for navigating through the
rules and data in a knowledge system in order to
solve the problem. The major task of the infer-
ence engine is to select and then apply the most
appropriate rule at each step as the expert system
runs, which is called rule-based reasoning.
AKnowledge system: A knowledge system con-
sists of all knowledge an expert system has stored
and retained. The effectiveness of the system
comes from the quality and amount of knowledge
provided for it. The major consideration is how to
represent the knowledge in the system such that
it can be used to recognize or solve problems.
A knowledge representation can be defined as
a formalized structure and set of operations that
embodies the descriptions, relationships, and
procedures provided in an expert system.
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The Development of Expert Systems

Typically, the development ofan expert system involves
four major activities as follows:

1. Knowledge acquisition: These activities are
conducted to extract, accumulate, transfer, and
transform problem-solving expertise from human
experts and/or documented knowledge sources to
a computer program for constructing or expand-
ing the knowledge base. The commonly used
techniques are interview, protocol analysis, and
observation.

2.  Knowledgerepresentation: These activities refer
to the techniques used to represent problem-solv-
ing expertise from experts and/or documented
knowledge sources into a computer knowledge
base. Some of the more common methods by
which expert systems internally represent their
expertise are: (a) Rules, (b) Frames, (¢) Semantic
nets, and (d) Heuristics.

3. Knowledge inference: These activities refer to
the techniques of programming a computer in
such a way that it can make reference in an at-
tempt to imitate the reasoning behaviors ofhuman
experts.

4.  Explanation and justification: These activities
refer to an attempt by an expert system to clarify
reasoning, recommendations, and other actions
(e.g., asking a question).

317




5 more pages are available in the full version of this document, which may be
purchased using the "Add to Cart" button on the publisher's webpage: www.igi-
global.com/chapter/expert-systems/16724

Related Content

A Technology Acceptance Case of Indonesian Senior School Teachers: Effect of Facilitating
Learning Environment and Learning Through Experimentation

Juhriyansyah Dalle, Mahesh S. Raisinghani, Aminuddin Prahatama Putra, Ahmad Suriansyah, Sutarto
Hadiand Betya Sahara (2021). International Journal of Online Pedagogy and Course Design (pp. 45-60).

www.irma-international.org/article/a-technology-acceptance-case-of-indonesian-senior-school-teachers/287536

Effects of Data-Driven Instructional Strategy on Pre-Service Teachers' Mathematics Lesson
Preparation in College of Education lkere-EKkiti

Oluwabunmi V. Kehinde-Dada, Olusola Obisanyaand Gbenga Adewale (2019). Globalized Curriculum
Methods for Modern Mathematics Education (pp. 75-91).
www.irma-international.org/chapter/effects-of-data-driven-instructional-strategy-on-pre-service-teachers-mathematics-lesson-

preparation-in-college-of-education-ikere-ekiti/208771

Preparing Preservice Teachers to Thread Literacy across the Curriculum with Blogging and Digital
Storytelling

Pamela M. Sullivanand Natalie Gainer (2014). Academic Knowledge Construction and Multimodal Curriculum
Development (pp. 178-189).
www.irma-international.org/chapter/preparing-preservice-teachers-to-thread-literacy-across-the-curriculum-with-blogging-
and-digital-storytelling/94173

Process Mining and Learners' Behavior Analytics in a Collaborative and Web-Based Multi-Tabletop
Environment

Parham Porouhanand Wichian Premchaiswadi (2017). International Journal of Online Pedagogy and Course
Design (pp. 29-53).
www.irma-international.org/article/process-mining-and-learners-behavior-analytics-in-a-collaborative-and-web-based-multi-

tabletop-environment/181811

Integrating Blended Learning into Situational Writing for Vocational High School Students
Hsiu-Ling Yen, Shi-Jer Louand Ru-Chu Shih (2013). International Journal of Online Pedagogy and Course
Design (pp. 85-100).
www.irma-international.org/article/integrating-blended-learning-into-situational-writing-for-vocational-high-school-
students/78913



http://www.igi-global.com/chapter/expert-systems/16724
http://www.igi-global.com/chapter/expert-systems/16724
http://www.irma-international.org/article/a-technology-acceptance-case-of-indonesian-senior-school-teachers/287536
http://www.irma-international.org/chapter/effects-of-data-driven-instructional-strategy-on-pre-service-teachers-mathematics-lesson-preparation-in-college-of-education-ikere-ekiti/208771
http://www.irma-international.org/chapter/effects-of-data-driven-instructional-strategy-on-pre-service-teachers-mathematics-lesson-preparation-in-college-of-education-ikere-ekiti/208771
http://www.irma-international.org/chapter/preparing-preservice-teachers-to-thread-literacy-across-the-curriculum-with-blogging-and-digital-storytelling/94173
http://www.irma-international.org/chapter/preparing-preservice-teachers-to-thread-literacy-across-the-curriculum-with-blogging-and-digital-storytelling/94173
http://www.irma-international.org/article/process-mining-and-learners-behavior-analytics-in-a-collaborative-and-web-based-multi-tabletop-environment/181811
http://www.irma-international.org/article/process-mining-and-learners-behavior-analytics-in-a-collaborative-and-web-based-multi-tabletop-environment/181811
http://www.irma-international.org/article/integrating-blended-learning-into-situational-writing-for-vocational-high-school-students/78913
http://www.irma-international.org/article/integrating-blended-learning-into-situational-writing-for-vocational-high-school-students/78913

