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Abstract

Artificial Intelligence was born in 1956 with its main
aim to develop intelligent artifacts. The construction of
expert systems emerged as a main application area of
Artificial Intelligence. The expert systems construction
has still been an ad-hoc process rather than a discipline
with a scientific basis. This paper discusses some
methodologies and tools available for construction of
expert systems. We also outline some of the current
issues in the construction of expert systems and
introduce the notion of Domain-Driven Knowledge
Modelling as a way of addressing those issues.

1.0 Introduction

Expert system development has long been known as a
main application area in Artificial Intelligence (AI).
With its aim to developing the intelligent artifact, Al
has to be aware of nature of human knowledge which
has been a main theme of many other areas such as
philosophy, psychology, cognitive science,
epistemology, etc. Due to this mutidiciplinary
influence on Al, the research in the construction of
expert systems has also been affected drastically. This
paper begins with a brief overview of what expert
systems are. We proceeds to discuss methodologies
and tools available to construct expert systems (more
correctly Knowledge-Based Systems). We also point
out some issues in KBS development which have not
been fully addressed yet. Finally we briefly outline the
notion of Domain- Driven Knowledge Modelling as a
way of addressing some of the current issues in KBS
development.

The rest of this paper is organised as follows. Section 2
provides a general overview of what an expert system
is. Section 3 describes some historical/philosophical
aspects of Knowledge Engineering and Knowledge
Acquisition (KA) . This section also out line some
issues in KA, Section 4 discusses some of the current
KA methodologies. Section 5 discusses the current KA
tools. Section 6 introduces the notion of domain-driven
knowledge modelling as a means of addressing the
issues mentioned in Section 3. Section 7 briefly
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describes our domain- driven knowledge modelling
approach to utilizing metaphors. Section 8 summarises
the paper.

2.0 What is an Expert System ?

Expert systems are information systems. They are used
in a variety of disciplines such as medicine,
engineering and scientific domains. The expert
systems differ from classical database systems as the
expert systems deal with knowledge rather than data.
Data are very rigid and specific form of knowledge.
What the experts use for solving problem is more than
just facts and rules, but their experiences,
commonsense, beliefs and even some form of
incomplete knowledge. Knowledge is not only in
multiple forms but also available from variety of
sources. That means knowledge for constructing such
systems is available from sources other than human
experts. Based on this fact the terms Expert Systems
was later changed as Knowledge-Based Systems
(KBS). However, people interchangeably use these
two terms.

Expert systems can operate on incomplete information
and also uses heuristic knowledge. These systems can
describe the level of certainty of the answer provided
to a given question. They can also explain why and
how an answer is made. Thus the expert systems are
interactive.

The most important feature of the expert is known as
the separation of knowledge base, the information to
be used reach the solution, and the inference engine
that manipulates the information in the knowledge
base. This separation makes possible the incremental
development of the system. That is the knowledge
base can be updated independent of inference engine.
Of course, this allows one to use same inference engine
for constructing expert systems for different domain
knowledge. This possibility yields the idea of Expert
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system shells. In this sense the main components of an
expert system are known as knowledge base, inference
engine and user interface through which a user can
interact with it.

3.0 Knowledge Engineering and
Knowledge Acquisition

In the early 1980s, the KBS development emerged as a
distinct area of research. Feigenbaum (1980) named the
new discipline as Knowledge Engineering. At the same
time as the conception of Knowledge engineering area
of Knowledge Acquisition emerged to facilitate the
development of methodologies for constructing KBS.
The following is a brief discussion of some
philosophical aspects associated with the
methodologies and the tools for KBS development.

3.1 Knowledge-level

As many researchers (e.g.Steels 1990, Chandrasekaran
et al.1992) point out, in the early days, KBS
development was mainly viewed in terms of programs
or symbols, resulting in the view that an expert’s
knowledge usually takes the form of facts and rules. It
has gradually become clear that research into expert
system (or KBS) development should go beyond the
level of formalisation and programming (Steels 1990).
The key identification of such a level is explained in
Newell’s landmark article in the Artificial Intelligence
journal (Newell 1982). In 1980, at the formation of the
American Association of Artificial Intelligence (AAAI),
in its first presidential address, Newell introduced the
notion of the knowledge level as a new computer system
level, see Figure 1.

Knowledge Level

Program (Symbol) Level

Register-Transfer Sublevel

Logic Circuit Sublevel

Circuit Sublevel

Device Level

Figure 1: Computer system levels (Newell 1982)

The knowledge level is more abstract than the program
level. At this level, “knowledge is to be characterised
entirely functionally, in terms of what it does, not
structurally, in terms of physical objects with
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particular properties and relations” (Newell
1982,p.105). This hypothesis was a breakthrough in the
area of knowledge acquisition.

3.2 Knowledge Modelling

The nature of the knowledge which is to be emulated
on computers is central in KBS development. There are
two main philosophical views of the nature of the
expert’s knowledge. These two views are known as
objectivism and constructivism. The objectivist
approach sees the expert’s knowledge as a body of
information which can be transferred, borrowed or
stored (Nystedt 1983). In contrast, the constructivist
view defines the knowledge as something to be
modelled and it is not readily available. Unit recently,
the objectivist view had won the argument (Chalmers,
French & Hofstadter 1992,Clancey 1989). However, the
KA community is now largely unanimous that this
view is wrong and has taken the knowledge modelling
perspective for KA. In line with this view the current
KA methodologies/tools are known as knowledge
modelling methodologies/tools rather than
knowledge extraction methodologies/tools.

3.3 Some Essential Aspects of Knowledge
Acquisition

The key activity of the construction of expert systems
is seen as the acquisition of knowledge acquisition. The
process is generally defined as an integration of several
activities: elicitation of knowledge, interpretation of
elicited knowledge and formalising the elicited data.
Other researchers also have different views about the
activities: which include: the elicitation, analysis,
synthesis, representation and implementation of
knowledge. In general, elicitation, analysis,
synthesis,are inter-twined activities (Morik 1989,
Morik 1991, Nwana,Paton, Bench-Capon & Shave
1991, Nwana, Bench-Capon, Paton &Shave 1994).
Knowledge representation has also been an important
activity and research area in KA. The KA literature
highlights two kinds of representations: mediating
representation and intermediate representation. The term
mediating representation is used to indicate “the sense
of synthesis and coming to understand through the
representation”, while the term intermediate
representation is defined as one “which only exists
between flanking representations and is bound to
them by clearly defined projection rules which map
one interpretation to the next” (Johnson 1989,p.184).
Ford, Canas & Jones (1991) and Nwana, Shave, Bench-
Capon & Paton (1992) also have the same view. Some
of the widely used knowledge representation methods
include: frames (Minsky 1986), semantic networks
(Quillian 1968), conceptual graphs (Sowa 1984),
concept maps (Novak 1977) and SGN (Johnson 1989).



A detailed discussion on knowledge representations is
beyond the scope of this paper. Our particular'aim is
to discuss KA methodologies and tools. However, all
these methodologies and tools eventually need a type
of representation (Newell 1982, Minsky 1986). The
activity of implementation of knowledge is also
strongly associated with the way we represent the
knowledge.

3.4 Some Major Issues in Knowledge
Acquisition

This section provides a critical review of some of the
current issues in knowledge acquisition.

1. Mental model harmonisation: It is hard for the
domain expert and the knowledge engineer to
harmonise their mental models or come to share
the same perspective of a domain (Recogzei &
Plantinga 1987, Motta, Rajan & Eisenstadt 1990).

2. Use of the proper tool at the proper time: There often
exists a mismatch between elicitation techniques
and the structure of the problem domain,
primarily as it is not usually clear from the
literature what elicitation technique should be
used, where and when.

3. Making sense of acquired knowledge: It is hard for a
knowledge engineer to navigate and make sense
of the large amount of information obtained
during KA.

4. Guidance during KA: Little guidance is available to
a knowledge engineer during knowledge
acquisition. For example, “how is an application
task classified, given some application task
characteristics,and how are knowledge acquisition
tools selected ?” (Nwana et al. 1994).

5. A cognitive basis of knowledge modelling: KA is
unprincipled: there is as yet no theory of how to
acquire human knowledge. The epistemological,
cognitive and conceptual foundation of
knowledge modelling leave much to be desired
(Bradshaw & Woodward 1989).

6. The need for a domain specification: Due to the
current unstructured approaches to knowledge
acquisition, knowledge engineers move quickly to
some cognitive definition of a domain and
organisation without an adequate specification of
a domain.

The issues outlined in this section are central to our
research. All these issues (and more) in KA have been
concisely classified in Shaw & Woodward (1990).
According to their classification, KA issues mainly fall
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into 3 categories: philosophical issues, conceptual
issues and methodological issues.

Philosophical issues in KA are seen as the contrast
between objectivist and constructivist views of
knowledge. Conceptual issues in KA are associated
with conceptualisation and representation of
knowledge of tasks and problem solving within the
domain of interest (see also Clancey (1989).
Researchers often refer to two types of models : mental
models (Norman 1983) and conceptual models. Mental
models are extremely abstract and therefore we
usually deal with conceptual models. Shaw and
Woodward state that “as the mental model is
unavailable to an observer, the conceptual model is
taken to represent the model used to address the task
demand of the target system” (Shaw & Woodward
1990, p. 184) Methodological issues are associated with
the confusion or mismatch between KA methodologies
and their use for different types of knowledge
involved. This is mainly because KA methodologies
are dependent on the type of knowledge involved.
Therefore, an investigation of the relationship between
the tools and the type of knowledge in the domain of
interest is required, before they are to be used.

The six problems discussed above can be placed into
these three main categories (see Table 1).

Issues in Knowledge Acquisition
Philosophical | Conceptual Methodological
A cognitive Mental model | Use of the proper

basis of tool

knowledge harmonisation | at the proper time
modelling

The need for a | Making sense of | Guidance during
domain acquired know- | KA

specification | ledge

Table 1: A Summary of Issues in KA

4.0 Knowledge Acquisition
Methodologies

This section discusses some of the existing
methodologies in knowledge acquisition and points
out their contributions to addressing the issues
outlined in the preceding section. KA literature (e.g
Neale 1988, Karbach, Linster & Vo 1990, Karbach,
Linster & Voss 1992, Fensel &van Harmelen 1994,
Karunananda, Nwana & Brereton 1994) provides
reviews of KA methodologies and tools on different
bases. The KA methodologies are mainly twofold: first
generation and the second generation methodologies.



The First generation methodologies are primarily
defined as those which involve life cycle definitions for
KBS development (Nwana et al. 1991). The main
criticism of these methodologies is that none of them
addresses knowledge acquisition as a separate stage in
their life cycles. Prototyping was also commonly used
in the development of first generation KBS. Normally
prototyping is a technique for constructing a KBS but
not a methodology (Nwana et al. 1994).

The Second generation methodologies emerged from
the knowledge-level hypothesis. David, Krivine &
Simmons (1993) introduced two special aspects of
second generation expert systems or knowledge based
systems. They include : modelling perspective with
multiple models and they are based on the knowledge
level hypothesis. Five main methodologies are now
briefly discussed.

4.1 Inference Structures

As many researchers (e.g Steels 1990, Chandrasekaran
et al.1992) point out, the inference structure was one of
the earliest attempts to analyse knowledge: Clancey’s
(1985) heuristic classification and Chandrasekaran et
al.’s (1992) hierarchical classification are well-known
examples. The heuristic classification includes three
major steps of inference: data abstraction, heuristic
match and solution refinement, see Figure 2. Each of
these stages involves a different type of knowledge.
Almost all diagnostic expert systems use Clancey’s
heuristic classification methodology for reasoning.
solution

-
+

1

solution

abstracted abstracted

data

Data

Figure 2: The Heuristic Classification Inference
Structure (Clancey 1985)

4.2 Generic Tasks

The Generic Tasks (GT) approach assumes that the
complex KBS reasoning task can be decomposed into a
number of sub tasks (generic tasks). These generic
tasks are associated with a type of knowledge and the
family control regimes (Chandrasekaran 1985).
Chandrasekaran argues that Generic tasks are the
building blocks of intelligent systems (Chandarsekaran
1987, Bylander & Chandrasekaran 1988,
Chandrasekaran & Johnson 1993). The term “generic
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task” is used to indicate the problem solving types. The
following are some generic tasks (out of 6) identified
Chandrasekaran (1985): classification,State abstraction
and refinement. It is still debatable as to how far these
tasks are indeed generic. As Chandrasekaran
acknowledges, perhaps the most frequently asked
question about GT is “How many generic tasks are
there?” (Chandrasekaran & Johnson 1993).
Chandrasekaran’s answer to this question is that in the
current perspective, there is no finite number of tasks
or methods.

4.3 Role Limiting Methods

McDermott (1988) and associates proposed a
methodology called Role Limiting Methods (RLM) for
KBS development. These role-limiting methods
emerged as a special case of problem solving methods.
The literature often uses the terms problem-solving
methods and role-liniting methods synonymously. This
usage has been a convention and does not have any
theoretical effect. However, the term role-limiting
method has emerged in connection with the clarity of
control knowledge attached to a method. McDermott
(1988) defines the role-limiting methods as follows:
“methods that strongly guide the knowledge collection
and encoding will be called role-limiting methods”.

McDermott (1988) and his co-workers tried to
automate the acquisition of knowledge from experts.
The main idea behind this approach is a set of methods
for addressing different tasks. For example, MOLE
(Eshelman, Ehret et al. 1987, McDermott 1988) is a tool
that uses the cover- and- differentiate role-limiting
method for the diagnosis task. The two major
components of this method are : a set of problem states
such as symptoms, complaints, etc. Which are to be
covered and an exhaustive set of candidate
explanations which differentiate among the elements in
a set of problem states.

4.4 Components of Expertise

The knowledge analysis framework called Component
of Expertise (COE) forms a synthesis of many of the
existing methodologies (Steels 1990). This
methodology integrates inference structures, problem
solving methods, generic tasks, and deep versus
surface knowledge. This methodology is applicable
over a considerable range of domains since it
integrates the features of several methodologies. This
framework includes three main stages of knowledge
analysis such as task identification, investigation of
possible methods and decomposition of tasks (Steels 1990).

Steels (1990) also introduces the notion of task structire
which shows the decomposition of tasks. This is



slightly different from Chandrasekaran ‘s view of task
structure is not just a decomposition of tasks, but also
an integration of tasks, subtasks and methods, see
Chandrasekaran & Johnson (1993).

4.5 The KADS Methodology: KADS -1

The KADS methodology (Wielinga, Schreiber &
Breuker 1992), is considered as one of the most
principled and comprehensive methodologies for
knowledge acquisition. Originally, KADS was an
acronym for “Knowledge Analysis and
Documentation System”. Recent interpretation of
KADS is “ Knowledge Analysis and Design Support”
(Schreiber, Wielinga & Breuker 1993b). Todate the
KADS methodology has gone through two major
phases of research development. The first is now called
KADS-1 (Wielinga et al. 1992), and its revision yielded
the more recent KADS-2 (Schreiber et al. 1993a).

There are two central principles underlying the KADS
methodology (Schreiber et al.1993 a):

* the introduction of multiple models as a means of
reducing the complexity of the knowledge
engineering process;

¢ the use of the knowledge-level descriptions.

The KADS methodology identifies seven distinct
models : the organisational model, the application model,
the task model, the model of cooperation, the model of
expertise, the conceptual model and the design model.
KADS incorporates the idea of knowledge level
analysis through the introduction of the model of
expertise (Schreiber et al. 1993a). KADS'’s epistemic
view of expertise yields a four layer architecture for the
model of expertise.

4.5.1 Four Layer Architecture of KADS
Methodology

The four layer framework of the KADS methodology
is discussed under the model of expertise. These four
layers are domain layer, inference layer, task layer and
strategic layer, Figure 3.

Strategic layer

Task layer

Inference layer

Domain layer

Figure 3: The Four Layer Architecture of the KADS
Methodology
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The domain layer consists of concepts, relations and
structures of the domain (Breuker, Wielinga, van
Someren, de Hoog, Schreiber, de Greef, Bredeweg,
Wielemaker & Billault 1987). The description of
knowledge at this layer is very similar to the static
ontology in Alexander (1987). The Inference layer
provides the functional description of problem
solving. Information at the inference layer is organised
into structures called inference structures. The inference
structures in KADS consist of two primitives (Breuker
et al.1987). They are the knowledge sources (functions)
and the metaclasses (inputs and outputs of functions).
For example, in Clancey’s heuristic classification
inference structure, Figure 2, abstract becomes a
knowledge source in KADS while data and abstracted
data are metaclasses for that particular knowledge
source.

The inference structure in KADS is in fact the data-
flow diagram specification used in conventional
software design (Yourdon 1989). This is because
knowledge sources play the role of data transforming
operations while metaclasses play the role of data
transforming operations while metaclasses play the
role of data stores (Barbuceanu 1993). KADS attempts
to define a more generic set of knowledge sources and
metaclasses. Nevertheless, only a tentative
classification of metaclasses and knowledge source can
be found in Breuker et al.(1987).

The task layer of KADS deals with the ordering or
organisation of inference structures for achieving
particular goals. Such an ordering of inference
structures is called a task structure. KADS's task
structure includes three primitives: goal, nethod and
control knowledge (Breuker et. al.1987).

The strategic layer is more abstract and consists of
control knowledge that is required for tasks and
inference layer activities. Many researchers believe
that it is still possible to address many domains
without considering this layer. (e.g. Breuker et al.
1988).

4.5.2 Interpretation Models

Beyond the four layer architecture, KADS has another
unique feature over the other methodologies. It
provides a library of interpretation models which can be
instantiated for problem solving. The notion of
interpretation models is somewhat similar to the idea
of re-usability in traditional software development.
The interpretation model library in the KADS
methodology is still under development. KADS
provides a library of interpretation models. It includes
a taxonomy of threetype of real world problem solving
task: analysis, synthesis and modification. Interpretation



models for the analysis task have been considerably
developed in KADS. However, interpretation models
for the synthesis task have received much less attention.
There are currently no interpretation models for the
modification task.

4.6 The KADS Methodology: KADS-2

KADS is still under development and there has been
some more recent improvements in the KADS
methodology including the ongoing project called
KADS-2. As many researchers point out, KADS-1 has
been criticised for not providing proper support for
descriptions at the domain layer (e.g. Bart Benus & van
der Spek 1993, Schreiber 1993). This has led to a greater
appreciation of domain specification for KBS
development (Wielinga, de Velde, Schreiber &
Akkermans 1993). In one attempt, KADS-2 has
developed a Domain Description Language (DDL) that
facilitates the description of the domain layer
(Schreiber 1993). DDL extends the data modelling
perspective of traditional software engineering; it is
mainly an extension of Chen’s (1976) Entity-
Relationship modelling and KL-ONE (Brachman &
Schmolze 1985).

The Common KADS modelling approach (Wielinga et
al. 1993) defined in KADS-2 emerged as a synthesis of
the traditional KADS four layer framework with the
aspects of Components of Expertise approach (Steels
1990).

4.7 Discussion of KA Methodologies

Clearly, the approaches that involve a knowledge-level
analysis give a better analytical description of
knowledge leading to the development of KBSs. These
methodologies are extremely powerful, provided that
they are correctly used for the right domains. Due to

the diversity of experts’ knowledge in different
domains, it is unreasonable to expect any methodology
to be applicable to all domains. The main limitation of
the methodologies discussed thus far is that none of them
provides a principled method to determine their applicability
to a domain. Such a decision is generally made by
knowledge engineers, depending on their experiences
and skills. This is a problem for the novice knowledge
engineers. Further, none of these methodologies
exactly addresses the issue of mental model
harmonisation outlined in Section 3.4. It is quite
obvious that KA methodologies must be more
focussed on the human side of knowledge than they
are at present. (Bell 1987, Bell 1988) Even KADS still
does not provide the proper guidance to use its
interpretation models so as to suit the nature of the
domains.

Table 2 provides a summary of KA’s key approaches.

5.0 Knowledge Acquisition Tools

This section discusses key knowledge acquisition tools
cited in the literature. Here we discuss a selected set of
tools under four categories: specific systems related tools,
repertory grids based tools, general tools (or integrated
systems) and machine learning tools.

5.1 Specific Systems Related Tools

Some KA tools are used to support the development,
refinement and maintenance of specific KBSs. For
instance, OPAL, (Musen, Fagan, Combs & Shortliffe
1987) supports the acquisition of knowledge on new
cancer treatment plans for the expert system called
ONCOCIN. TEIRESIAS (Davis 1976) was designed to
develop and maintain the MYCIN expert system shell.
In practicular, TEIRESIAS can find missing rules when
the expert systems does not function as expected, Most
of the automated KA tools discussed in McDermott

Feature Methodology
KADS CoE GT RLM

Underlying | Four layer Integrated Tasks can Tasks
basis architecture system be decomposed

Interpretation Models Task Structure Control knowledge Methods
Task Goals Tasks Tasks Tasks
structure Methods Sub-tasks Sub tasks Methods
primitives Control knowledge Methods
Unique Interpretation Integrated PVCM to model Task
features models system task structure specific

Tables 2: Summary of Key Methodologies
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(1988) easily fall into this category as all of them are
designed to perform some specific tasks utilizing the
assigned methods. ROGET (Bennett 1985) is
somewhat different: this is because ROGET deals with
a generic model which can be applied to develop the
expert systems for the domains which behave like the
domain of MYCIN. The tools in this category are in
fact considered as expert system shells. Note that the
shells are not universally applicable for consructing
KBS. This is because, a given shell is suitable for
constructing a KBS only if the inference engine of the
shell and the new domain have the same reasoning
mechanisms.

5.2 Repertory Grids Based Tools

There are also some tools which are based on Kelly’s
Personal Construct Psychology and Ausubel’s
Assimilation Theory. In explaining the psychology of
human thinking Kelly proposed the notion of
construct in human communication (Kelly 1985).
Constructs are bipolar entities (concepts) while
concepts possess a single pole. Repertory grids-based
KA tools are based on Kelly’s Personal Construct
Psychology. ETS and its successor AQUINAS Boose
&bradshaw 1987) are well known examples. Hundreds
of commercial expert systems are claimde to have been
developed using ETS and AQUINAS. As Boose &
Bradshaw (1987) state these systems include an Al tool
advisor, a personal computer advisor and robotic tool
selector. Many KA toolkits have a repertory grid as a
main elicitation tool. The knowledge support system
KSSO is an interactive KA systems which uses the
reporty grid as a main tool (Shaw & Gaines 1987,
Rappaport & Gaines 1990, Gaines & Shaw 1993).

ICONKAT is a tool which is based on both Kelly’s
Personal Construct theory and Ausubel’s Assimilation
cognitive learning theory (Ford et al. 1991, Ford
Bradshaw, Admas-Webber & Agnew 1993). KRITON
(Diederich, Ruhman & May 1987) also intergrates
several of the elicitation tools including repertory
grids. Nevertheless, KRITON has many similarties
with the other KA tools which fall under the heading
of general tools.

Our proposed approach to domain analysis has also
evolved another novel way to use Kelly’s (1955)
personal construcut psychology for handling
metaphors for knowledge modelling. '

5.3 General Tools

There are some tools which are not designed for the
purposes of a particular domain or a system. These
tools generally integrate several tools in the form of a
KA workbench. Some examples include KRITON
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(Diederich et al. 1987), keats -2 (Motta et al. 1990) and
SHELLEY (Anjewierden & Wielemaker 1992).
SHELLEY provides some supports for the KADS
methodology; indeed SHELLEY is a CASE tool
(Anjewierden et al. 1990). SHELLY bears many
similarities to KEATS -2. Both emphasise the use of
diffrent levels in analysis and provision of both top-
down and bottom-up support in KA. The main
diffference between them is that SHELLY's output is a
documentation of the domain while KEATS -2
supports the development of the actual expert system.

KRITON is a fully automated KA workbench and it
includes a set of knowledge elicitation tools. It
automates the KA process by performing the
elicitation, analysais and synthesis of knowledge. Like
SHELLY and KEATS -2, KRITON also deals with
different levels in KA process. However, KRITON has
been criticised for lacking in theoretical justification
(Motta et al.1990). There is also some research which
aims to combine KRITON and KADS (Neale 1988).
Steps have already been taken to combine
Components of Expertise (implemented a CoE
(Vawelkenhuysen & Rademakers 1992) and the KADS
methodology under the KADS 2 - project (Wielinga et
al. 1992) IKME provides another example of such an
integtated system. (Barbucean 1993). It proposes a
knowledge modelling language called MODEL.
MODEL derives from the KADS methodology and the
problem solving method propose and revise
(McDermott1988).

5.4 Machine Learning Tools

A number of machine learning tools are also
considered as types of KA tools. Chandrasekaran
(1989) points out that learning is undoubtedly a means
of acquiring knowledge. Tha main idea behind
machine learning by identification of similarity. AQ11
(Michalski 1983) uses both positive and negative
learning examples. Michalski points out that machine
learning uses induction algorithms. It is clear that a
significant knowledge engineering effort is needed to
guide the induction algorithms. It is clear that a
significant knowledge engineering effort is needeed to
guide the induction algorithm to choose the right
generalisation from a set of possibilities (Nwana et al.
1994). The main limitation of machine learning tools,
as KA tools, is that their success is dependent on the
availability of a large number of examples.

'5.5 Discussion of KA Tools

We have superficially explored a wide range of KA
tools. These tools are extremely powerful only when
they are applied to the appropriate domains at the
correct instant. The application of an unsuitable tool to



a domain at the wrong time could lead to
misinterpretation of the knowledge of the domain. It is
important to research into the problem of selecting the
best tool at the right time during the KA process.
Figure 4 illustrates a selected set of tools which have a
clear theoretical foundation.

Drawing from the discussion so far, it seems that the
field of KA needs some pricipled guidance to make
best use of the effective power of existing tools and
methodologies. We have also understood that the
applicability of tools/methodologies for KA is domain
dependent activity. Therefore, we should analyse,
organise or specify domains before using existing tools
and methodologies. In other words, knowledge
modelling should be driven by the nature of the
domain.

6.0 Domain-Driven Knowledge Modelling

Thus far discussion reveals knowledge acquiition
methodologies, tools and the evaluation of them. We
also discussed the current issues which are not
sufficiently adressed by these methodologies and
tools. This section introduce the notion of Domain-
Driven knowledge modelling a way of adressing these
issues which were mentioned in Section 3.4.

Domain analysis is an aspect of knwledge-level
analysis in KA. many research including conventional
software engineers agree on the necessity for an
analysis phase of a domain of interest before the
design and implementation stages in their life cycles.
Although there are some activities like requirements
analysis (Yourdon 1989) and external analysis (KADS)
in the literature, little attention has been paid to the
development of domain analysis techniques.
Nevertheless, extensive attention is paid to the other
stages in the development life cycle. Here we use the
term domainanalysis from a KA persepctive, which
concerns the evolving nature of domains under the
influence of theoretical, cognitive and epistemic
considerations. This Al-based notion of domain
analysis is slightly different from that used in software
engineering or classical database development.

6.1 Review: Existing Domain Analysis
Approaches

Using a domain analysis perspective to address the
issues in Section 3.4 Woodward (1989) and Nwana et
al. (1994) clearly delineate the phases of KBS
development as shown in Figure 5
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Figure 4: Some tools and their associated theories
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Figure 5: Phases in Knowledge Based System
Development

Both (MEKAS) Nwana et al. (1994) and (COGNOSYS)
Woodward (1990) frequently argue that the root cause
of KA problems resides in the inadequate attention
given to Phase-1 of Figure 5.

7.0 An Approach to Domain Analysis

A common feature of MEKAS and COGNOSYS is that
both methodologies require the KE in the domain
analysis process. As we postulate below, one rather
ambitious aim in our domain analysis approach is to
remove the knowledge engineer. Since we propose to
capture the expert’s perception of the domain, we
believe that reducing / eliminating the knowledge
engineer’s role is important. Otherwise we end up with
KE’s view of the expert’s view of the domain. We prefer to
capture directly the expert’s view without going via a
knowledge engineer.



Another crucial contribution of our domain analysis
approach is our exploitation of metaphors. MEKAS
(Paton, Nwana, Shave & Bench - Capon 19921, Bench-
Capon, Coenen, Nwana, Paton & Shave 1993) also
propose exploiting metaphors for domain analysis, but
they Propose no mechanisms for doing so. We argue
that domain analysis is not just about determining the
characteristics of a domain, but also involves capturing
how experts see their domains. Research in
psychology in the 1950s showed that analogy making,
or the use of metaphors, is closely related to human
perception. People often explain unknown things in
terms of things already known meaning that there is a
human tendency to anticipate the replication of event
(Kelly 1955). The literature richly highlights the close
connection between human perception and
metaphors. For example, Minsky (1986) states that all
our communication is metaphorical to some extent.
MacCormac (1995) describes metaphors as cognitive
devices. In their well-known book Metaphors we live by,
Lakoff & Johnson (1980) state that metaphors are
pervasive not only in language but also in thought and
actions. Many other researchers have recently
expressed their belief in the inseparable connection
between analogy (a form of metaphor) and human
perception (Carbonell 1982, Gentner 1985, Rumelhart
& McClelland 1986, Chalmers et al. 1992). Feigenbaum,
who introduced the term knowledge engineering,
expressed the close connection between metaphors
and the cognitive process as follows;

“Metaphorical reference appears to be omnipresent
and almost continuous in our use of language. Further,
if you believe that our use of language reflects our
underlying cognitive process, then metaphor is a basis
ideational process (Feigenbaum 1990, p.326).”

A most interesting feature of metaphors is that they
lead two different people to interpret the same
situation differently. Therefore metaphors can be used
to reveal the nature of domain showing the experts
own interpretation or perception of the domain.

The proposed approach to using metaphors for
domain analysis is an integration of Kelly’s (1955)
personal construct psychology and Black’ (1979)
interaction view of metaphors. We introduce the notion of
Personal Construct of Metaphors thus the approach is
called PCM. Details of the approach can be found in
Karunanda (1995) and Karunanda & Nwana (1955a).

We have implemented this approach using XPCE/
Prolog (Wielemaker & Anjewierden 1994). The
implemented system is called DAKUM, an acronym
for Domain Analysis for Knowledge acquisition
Utilising Metaphors. It runs on sun Sparc Stations
under Unix and X-windows. The system also runs on
PCs running the Unix operating system with X-
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windows. An expert can directly interact with
DAKUM without a knowledge engineer. While
metaphor is the main modelling support in DAKUM,
the system can also be used as on ordinary KA tool
without using metaphors.

7.1 A Brief Illustration of the Dakum Domain
Model

It would be very lengthy to fully illustrate how Dakum
works. Rather, we provide a sample domain model from
Dakum for the knowledge acquision domain. In this
context, the term domain model is used to indicate the
output generated by Dakum for a given domain.
Karunananda (1995) fully describes how the domain
model for knowledge acquisition domain was
constructed using DAKUM. However, here we
provide a brief description of the necessary aspects of
a domain model generated by DAKUM.

Dakum is a software which allows the expert to
directly interact with it and construct a domain model.
In this process the tool captures the structural features
and the functions of a domain. For example, if we
consider the domain of personal computers, the
structural features can be seen as monitor, disk drivers,
keyboard, mouse, motherboard etc. Then functional
description refers to the role of these structural
components. Some function may be associated with
more than one structural component. For instance, the
function, give inputs is performed by the structural
components, keyboard and the mouse. Nevertheless,
keyboard may have a bigger role than mouse, as an
input device. In this manner structural components
can be associated with functions with different
weights. DAKUM also facilitates the establishment of
these associations between structural components and
functions in a domain model. This aspect in DAKUM
is called the mapping support. In this sense, DAKUM
allows the expert to construct a domain model from a
three dimensional perspective. The three dimensions
refers to the structure, functions and the mapping
between them.

Figure 6 illustrates a domain model generated by
Dakum for describing the domain of knowledge
acquisition. All children nodes of a particular parent
form a block in 3D space, binding the structural
features (S), functions (F) and their associated weights
or ratings (R). Further elaboration of the nodes placed
on the axis S, gradually yields the structural
description. The functional axis F, refers to the
functional description. The third dimension R,
establishes the mapping between S and F.

It is quite easy to make sense of a domain model by
referring to an illustration as depicted in Figure 6. For
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example, the top most 3D block says that knowledge
acquisition can be structurally seen as having tools and
methodologies (axis S). The functions of tools and
methodologies are defined as provide theories-
implement theories (axis F). Note that due to
theoretical reasons, functions are indicated as dipole
entities. There is also a scale defined on dipoles such
that one (1) indicated the left most maximum weight
while nine (9) is the right most maximum weight (axis
R) According to this convention, methodologies
perform the function, provide theories with weight 1,
while tools perform the function, implement theories
with weight 9 (See axis R). Other blocks should also be
realised in the same manner.

Thus far, DAKUM has evolved through two major
steps of preliminary evaluations and redevelopment.
The first implementation (Karunananda & Nwana
1994), DAKUM version 1.1 was applied to one domain.
It was illustrated in the papers presented in KAW’ 95
(Karunananda, Nwana & Brereton 1995a), AISB'95
(Karunananda, Nwana & Brereton 1995b) and
ECCS’95 ( Karunananda & Nwana 1995b). An
interested reader may refer to those papers for more
details of our approach.

8.0 Summary and Further Work

This paper discussed knowledge acquisition in general
with a particular emphasis on knowledge acquisition
methodologies and tools. We pointed out some current
issues in KA and critiqued the contribution of existing
tools and methodologies to addressing these issues. In
addressing the issues, we put forward a notion of
domain analysis which captures an expert’s perception
of his/her domain. Finally we outlined some major
aspects of our novel approach to Domain- Driven
knowledge modeling.

We are in the process of continuing our research in Sri
Lanka in the context of constructivism. In this project
we intend to investigate the concept of knowledge as a
process by means of a further study of a model of
human behaviour which is presented in Karunananda
(1991). We are also interested in facilitating the
construction of expert systems for fuzzy domains. In
this sense, we have initiated the construction of an
expert system for diagnosis task in Aurvedic Medicine.
This Project intends to enhance Calncey’s heuristic
classification idea, as Ayrvedic medicine is apparently
very much heuristics based.
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