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Abstract. Knowledge-based knowledge management (KBKM) focuses on appli-
cations of knowledge-based systems (KBS) tailored to knowledge management
(KM) problems. Although KM is primarily concerned with how people and or-
ganizations utilize their knowledge assets, one key to doing so efficiently is to
employ technology to facilitate the KM process. One particular kind of technology
has shown itself to be extremely useful in this context — specifically the technol-
ogy of knowledge-based systems. In this chapter we discuss the relationship of
KM to knowledge-based technology and provide an exposition of three fundamen-
tal knowledge-based methodologies that can facilitate knowledge management —
expert systems, case-based reasoning and ontologies.

Introduction

Knowledge-based knowledge management (KBKM) focuses on applications of
knowledge-based systems (KBS) tailored to knowledge management (KM) prob-
lems. The term was first coined in [[1]] to express the use of KBS to enable
knowledge management. KM practitioners and research scientists have been im-
plementing various frameworks to address pragmatic KM problems reusing dec-
ades of technology developed for knowledge-based systems. Therefore, when we
talk about knowledge-based knowledge management, we talk about the overlap of
knowledge-based systems and knowledge management.

KBKM =KBS (M KM

It is easy to understand the scope of KM by focusing on a knowledge process that
collects, stores and reuses knowledge leveraging it and making organizational the
knowledge that once was individual. This knowledge process supports organiza-
tional goals by controlling the collection, storage, and use of knowledge. Accord-
ingly, KM applications can be envisioned along the dimensions of a knowledge
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process that fundamentally performs knowledge tasks to support, steer and control
organizational goals.

Expert systems (ES), case-based reasoning (CBR), and ontologies are examples
of relevant knowledge-based methodologies that have much to contribute to KM
systems because they manipulate knowledge to implement various tasks. Although
KM practitioners frequently comment that KM is not a technology problem, it is
also the case that most KM solutions include an element of technology. It would
seem that using technologies for collecting, storing, and reusing knowledge would
be critical to consider in any KM effort. In the remainder of this chapter we sub-
stantiate this claim describing knowledge-based knowledge management applica-
tions and some recent developments of three representative knowledge-based
methodologies: expert systems, case-based reasoning, and ontologies.
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We make a distinction between KBKM applications and applications that support
KM but are not necessarily knowledge-based in Table 1. With these systems, we
illustrate our view of the spectrum of KM applications and the distinction from the
perspective given in [[2]], which describes information systems that support
knowledge management.

To begin our discussion of knowledge-based knowledge management we will
propose a knowledge process in which to consider the respective knowledge-based
methodologies. After establishing this framework in the next section we will de-
scribe each of the technologies and give examples of the ways they support
knowledge tasks. We finalize with a discussion of a case study on expert systems
and business rules and conclude by illuminating some of the open issues and prob-
lems with knowledge-based technologies for KM.



Knowledge processes and knowledge tasks

Knowledge management refers to knowledge processes managed within an or-
ganization. Therefore, it is natural that the understanding of a knowledge process
differs in different organizations; e.g., a knowledge process in one organization
has a different set of tasks than in another. Sometimes these knowledge processes
differ on the surface, though their conceptual model is the same.

Table 2. Knowledge processes adapted from [[3]]

Knowledge Knowledge tasks
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Liebowitz
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Table 2 illustrates a selection of these processes adapted from Liebowitz [[3]]. We
added two more instances of knowledge processes, from Staab et al. [[4]] and We-
ber and Aha [[5]], to the original table from reference [[3]].

The underlying conceptual cycle we envisage in all these instances can be
summarized in the knowledge process laid out in Fig. 1. This knowledge process
bears marked similarity with each of these sample processes and consists of tasks



create, understand, distribute and reuse. We now describe the steps of this knowl-
edge process in detail.

Create. The creation process focuses on how knowledge comes into existence in
processes of organizations and individuals.

Understand. Knowledge understanding comprises verification, representation,
synthesis, adaptation, storage and organization of the new knowledge with knowl-
edge existing within the organization. For knowledge to be utilized by others in an
organization, it must be linked to existing knowledge in the organization in a for-
mat that is accepted and understandable by the organization.

&

Fig. 1. Conceptual knowledge process

Distribute. Knowledge distribution embodies different dissemination methods
(e.g., active, passive [[6]]). Once knowledge is captured and understood, it has to
be available for access by individuals in the organization.

Reuse. Knowledge reuse consists of applying knowledge to an organizational
process. It is not sufficient to make knowledge available; the reuse step is respon-
sible for promoting reuse by encouraging users to apply available knowledge. This
may result in the creation of new knowledge, which in turn begins the knowledge
process again.

One may note that such a process could equally be applied to personal and
organizational knowledge and to both systems that employ technology and those
that do not. With respect to the processes described in Table 2, the one given on
the last row ([[5]]) is an example of a process that is supported by technology but
its collection is not knowledge-based. We note that when it happens, these
processes tend to include knowledge verification, which is part of understanding,
as an independent process. When humans perform knowledge processes,
understanding complements creation, as should a genuine knowledge process. The
requirement to implement a genuine knowledge process that performs
understanding as a complement of creation is that it is supported by knowledge-
based technologies.



It is difficult to distinguish a knowledge process from KM and that may be the
reason why there are so many definitions on KM as a discipline. On the one hand
we represent a knowledge process as a cycle — one in which KM manifests itself
but can we also say that each of the tasks that are part of a knowledge cycle repre-
sent a kind of KM? Our observation is that we can examine a cycle as the knowl-
edge process for KM or we can examine its parts as types of KM. This then gives
us a context and framework in which to consider the technologies we will describe
in the next sections. We can describe what role they play in the knowledge process
and we can also describe how they support the tasks of the knowledge process
(another form of KM).

Expert Systems

An expert system can be defined as “an intelligent computer program that uses
knowledge and inference procedures to solve problems that are difficult enough to
require significant human expertise for their solutions [[T]].”

Over time, a human being in the process of becoming an expert will gain sig-
nificant experience in their field of expertise. This experience is in turn used to
solve problems that the expert encounters. Expert systems represent one way that
expertise can be captured, coded, and reused.

Fundamentally, an expert system consists of some representation of expertise,
some representation of a problem to be solved, and some mechanism to apply the
expertise to a problem. Although expertise may be represented in various forms,
one common representation for expertise is in the form of rules. The representa-
tion of an expert’s knowledge would be a collection of rules that were derived
from the expert.

A rule consists of two parts: an antecedent and a consequent. The rule antece-
dent consists of one or more conditions that specify when and where to apply the
rule. If the conditions of the rule are met, then the second part of a rule — the con-
sequent — specifies the actions to take when the conditions of the rule are met.

For example, we might consider the following rule for diagnosing the condition
of an automobile: If the automobile has fuel, and the key is in the ignition, and the
key is turned to the start position, and the engine does not start, then check to see
if the engine turns over. This rule is applied when the automobile has fuel, the key
has been engaged, and the engine does not start. Its action suggests further investi-
gation required to diagnose the problem.

The rules that are encoded as expertise in an expert system are contained in a
knowledge base — the repository of knowledge for the expert system. The mecha-
nism that chooses rules to see if they can be used in a problem is called an infer-
ence engine. The inference engine checks antecedents of rules, and based on their
values performs the actions specified in the consequents of the rules. To maintain
the state of a problem being solved, the inference engine uses a special structure to
store the state of problem solution. The structure is called short-term memory. A
schematic of a typical rule-based expert system is shown in Fig. 2.
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Fig. 2. Expert systems cycle

Rules are scanned from the knowledge base to determine which apply to the cur-
rent problem state in short-term memory. When the inference engine identifies a
rule, the actions of that rule are carried out, which may result in a change to the
problem state in short-term memory. The process repeats itself until it solves the
problem, or no condition can be fulfilled or the expert system is explicitly stopped.

This description in Fig. 2 represents an expert system in its most basic sense —
as a system that selects rules and applies these rules to solve a problem. In addi-
tion to the basic mechanisms provided, expert systems use various strategies to se-
lect rules to apply (e.g., fuzzy logic, time stamp, grouping) to facilitate intelligent
rule selection. One significant advantage of expert system technology is their abil-
ity to explain their decision-making or problem solving process. Expert systems
can trace back which rules were triggered and show them to explain the performed
reasoning. This capability has long been identified as a key element of expert sys-
tem technology and one of the drivers of their implementation and use [[8]].

Applications of Expert Systems for Knowledge Management

To reiterate, expert systems can be used to implement knowledge tasks (create,
understand, distribute, and reuse) or an expert system can implement the knowl-
edge process. In order to illustrate the application of expert systems to knowledge
management we describe two examples of expert systems: CLUES [[9]] and
EULE [[10]].



The Countrywide Load-Underwriting System (CLUES) [[9]] is an expert system
that performs loan underwriting. It assesses an applicant’s situation and analyses it
to decide whether or not to award a requested loan.

When a customer applies for a loan, the loan processor will ask the applicant to
complete an application that initiates a data collection process involving many
elements of data. The application is turned over to an underwriter who evaluates
the information and makes a decision about it. The underwriter represents a bot-
tleneck in the loan approving process, as they are individuals with significant ex-
perience.

The role of CLUES is to reduce this bottleneck by extending the availability of
the underwriting expertise. The decision to grant or deny a loan will affect the per-
formance of the financial institution offering the loan. Underwriting expertise rep-
resented in CLUES is a valuable asset to the financial organization.

Reimer et al. [[10]] describe an expert system named EULE that encodes busi-
ness processes. Individuals in a business organization execute business processes
to accomplish the goals of that organization. In many organizations, staffing has
been reduced significantly leaving more to do for a fewer number of people. Be-
cause of severe reduction in staff, business process knowledge is often lost as staff
is eliminated (business process knowledge leaves with the staff). The setting for
Reimer et al.’s system is an insurance company where the office staff must handle
approximately 60 complex tasks to meet the needs of the insurance business.

EULE was constructed to support the execution of arbitrary office tasks, as an
organization-oriented system. From novice to expert, office personnel can use the
system to carry out their day-to-day tasks. The basic process used to represent the
knowledge of tasks was to model all of the data objects in a task, process steps,
and regulations where they exist. EULE also has the ability to explain why certain
tasks need to be carried out in certain ways. Through the explanation capability
EULE users can gain insight into why and how decisions in the expert system are
made. Thus, expert systems can also be used as tutoring systems to aid personnel
training.

Closer to what we would consider to be knowledge-based knowledge manage-
ment, EULE directly implements the processes of a business. In doing this, busi-
ness processes are moved from a tacit representation into a systematized knowl-
edge representation and are not subject to the vagaries of shifting personnel. In
fact, the company can entirely avoid knowledge loss through attrition through the
use of EULE — an important goal for any business enterprise.

EULE and CLUES are representative of the two types of expert systems that
we mentioned at the beginning of this section — namely those that implement a
knowledge process and those that implement the tasks of a knowledge process to
achieve some other goal — like solving a particular problem. EULE is an example
of the former while CLUES is an example of the latter. EULE participates in the
knowledge processes of the office while CLUES solves a specific problem.



Case-Based Reasoning

Case-based reasoning is a methodology that reuses previous episodes to approach
new situations. When faced with a situation, the goal is to retrieve a similar previ-
ous one to reuse its strategy. When CBR is applied to problem solving, a previous
solution is reused to solve a new problem. The choice of which previous solution
to reuse is based on how similar the previous problem is to the current one. This
reasoning process can be referred to as the similarity heuristic and its underlying
hypothesis is that similar problems have similar solutions. This is a very natural
form of human reasoning that relies on previous experience, it is relatively easy to
implement computationally successfully mimicking this very common method to
solve problems and deal with knowledge and experience.
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Fig. 3. CBR cycle

The underlying hypothesis of CBR that says that similar problems have similar so-
Iutions guides what is known as the CBR cycle (Fig. 3), originally conceived by
Aamodt and Plaza [[11]]. In problem solving, the cycle starts with a new problem
and the goal of the system is to provide a solution to this new problem. This new
problem is compared with a collection of past experiences (previous cases) that
are composed by problem-solution pairs. The previous cases are stored in the case



base, also called case library. The result of this comparison is represented in terms
of a score of similarity and based on this score, previous experiences (cases) are
sorted. When a list of similar cases is presented in order of similarity, one case is
chosen (probably the one with highest score) and the RETRIEVE (Fig. 3) step is
completed. This chosen case lends its solution part (or its strategy) to append to
the new problem as its proposed solution, which may be adapted when needed.
Adaptation methods substitute or transform items in the solution to suit the new
problem; this step is called REUSE. This proposed solution is revised and if satis-
factory it becomes the solution to the new problem thus generating a new case.
This step, called REVISE, verifies the appropriateness of reusing the previous
case’s solution to solve the new problem. Sometimes it is necessary to repair the
retrieved solution or record the result of its application to enrich the case. The step
REVIEW was introduced by Aha [[12]] to describe the repeated iterations of revi-
sion and repair that some types of case-based reasoners need to carry out. This
new case can be added to the case base causing the CBR system to learn
(RETAIN).

Let us consider an example. Suppose a case-based reasoner is prepared to pre-
scribe workouts. The new problem is a woman in her thirties who wants a workout
program to help her lose some weight. This woman enters a number of parameters
that are considered relevant in this task such as her weight, health history, etc.
These parameters are case features that represent the problem in a workout pre-
scription system. They are used to assess the similarity between this new problem
and the problems in the previous cases stored in the case base. The similarity func-
tions compare the candidate cases’ problems from the case base with the new
problem along the features. For example, the feature knee problem is binary and
can only be assigned yes or no. The similarity function evaluates each feature and
results one if both the new problem and the problem in the candidate case have the
same value, either (yes,yes) or (no,no). The result is zero if they are different. The
similarity measure represents the distance between each two problems through a
score of similarity for each candidate case with respect to the new problem. The
retrieval is completed with the selection of one case?, usually the one with the
highest similarity score. Then the reuse step appends the solution component of
the selected case as the proposed solution to the new problem and verifies how
well this proposed solution fits the new problem by searching for inconsistencies
that would require adaptation. Adaptation can be implemented through rules. For
example, if the case has a value yes for knee problems and the selected case pre-
scribes running, then the system should have a rule to substitute exercise type for
swimming. The remaining features (e.g., frequency and intensity) would be kept to
guarantee that the goal weight loss is achieved. Revision will determine if the sug-
gested solution was successful and confirm it. The review step authorizes this new
case to be incorporated to the case library causing the CBR system to learn with
experience.

2 In some case-based reasoners the suggested solution can also be created by combining a
set of cases.



As many other human cognitive processes, case-based reasoning is permeated
with uncertainty. When we employ CBR to solve real world problems, the inher-
ent uncertainty in the CBR hypothesis tends to propagate and may cause the sys-
tem’s outcome to be of poor quality. Therefore, the quality of a CBR system’s
outcome tends to increase as we address its uncertainty. Uncertainty in CBR can
originate in the case vocabulary. For example, when cases are described with lin-
guistic concepts that are fuzzy. Fuzzy sets are frequently chosen to represent this
uncertainty. Uncertainty also originates in the case base; it most commonly arises
when case bases are incomplete. Both fuzzy and non-fuzzy methods can be used
to deal with it. The uncertainty that originates in the CBR hypothesis can be dealt
with methods that assign a measure of confidence to the CBR result, like the one
implemented in PROFIT [[13]] (discussed in Section 0).

Despite the uncertainty posed by the case-based reasoning process, CBR sys-
tems, such as expert systems, can provide a good explanation to justify their prob-
lem solving. The simplest form of explanation in CBR is by showing the most
similar case or most similar cases that support, through experience, a decision.

Case-Based Reasoning and Knowledge Management

CBR systems have continually been appointed as an appropriate method to sup-
port knowledge management and its processes [[6],[14],[15]]. One reason can be
due to the affinities between the CBR process and knowledge processes. For ex-
ample, [[S]] draws the parallel between the CBR cycle and the military lessons
learned process. Other can be because the similarity heuristics, in which the CBR
methodology lies upon, is originally a common form of human reasoning that is
commonly employed in knowledge processes. Moreover, CBR systems have suc-
cessfully been performing knowledge tasks like creation, understanding, dissemi-
nation and reuse.

The CBR methodology has been used to perform a variety of different tasks.
For example, a past case can be used as a reference to suggest a categorization of a
new case instead of being used to lend its strategy for reuse. One can visualize the
spectrum of CBR uses by considering that cases embed pairs that may vary in na-
ture, they can be a problem-solution pair, a story-interpretation pair, a symptom-
diagnosis pair, a situation-design pair, a situation-plan, a task-lesson, an instance-
classification, or a document-key features, among others.

Most of theoretical guidelines to develop CBR systems [[16]] are intended to
cover one task only (task-oriented) and therefore variations of such requirement
may result in deviations of its expected performance. However, the days of limited
performance of multiple-task CBR systems may be soon ending given to current
research on multi-case-based reasoning [[17]], where different case bases con-
ceived for different tasks can be used to solve one problem. The use of CBR for
pure knowledge management purposes is not task-oriented; it is a form of organ-
izational CBR. Organizational CBR is designed to manage organizational knowl-
edge by performing a generic task. The nature of its pairs can be, for instance, a



task-lesson. The scope is limited within communities of practice, that is, groups of
organization’s members whose goals and tasks are common.

Applications of CBR Systems for Knowledge Management

The most successful commercial application of CBR is conversational case-based
reasoning (CCBR) [[18]]. In CCBR, case features are represented in the form of
question-answer pairs. In the example of prescribing workout programs, the fea-
ture knee problems is actually represented with a question, “Do you have knee
problems?” An interaction with a CCBR tool starts by the user typing a question
in free text about the problem that needs to be solved. For example, “I am 24 years
old and I want to improve my fitness level to play basketball.” The system at-
tempts to find cases (from its case library) that are similar to the case just typed.
The system responds by presenting two lists. One list shows a set of case titles
with respective scores (the higher the score, the better the case matches the initial
situation). The user has access to these complete cases at anytime through double-
clicking on the case title. The second list displays a set of questions with respec-
tive scores. Higher scores in this question list indicate better chances of finding
better cases by answering that specific question. The interaction can continue until
the user is satisfied or until the system can no longer improve.

This form of CBR is the basis of a tool offered by E Gain
(http://www.egain.com) that has been used to support customer service help desks
[[19]] for more than 800 clients. The use of CCBR for customer service help desks
implements the task of knowledge creation when the initial case library is ac-
quired; when each new case is stored with answers to questions that are pertinent
to the organization the system supports, it implements understanding; knowledge
distribution occurs when one of these cases is retrieved; then reuse may occur or
not.

The substantial list of deployed applications of CBR includes, for example, the
property financial information technology (PROFIT) [[13]]. PROFIT valuates
residential properties to evaluate mortgage packages for a division of General
Electric Mortgages. Values of a property change with market conditions, so esti-
mates have to be updated constantly according to real estate transactions, which
validate the estimations. This system is constantly collecting information from real
estate transactions and creating knowledge from it. Interestingly, it is an instance
of a knowledge task that is better performed by a computer system because it re-
quires large memory resources and speed. Moreover, this application represents an
important competitive advantage because it allows knowledge to be synthesized
into a valuable decision-making parameter, making investment choices more reli-
able.

The CARMA system [[20]] is another example of a deployed CBR system that
leverages knowledge. CARMA is designed to provide expert advice on handling
rangeland grasshopper infestations. CARMA has reused its expertise combined
with model-based methods to devise policies on pest management and the devel-
opment of industry strategies.



Another application that directly implements knowledge processes was imple-
mented at General Motors [[21]]. It is an organizational CBR system to support
the goals of dimensional management, an area in the manufacturing of mechanical
structures (e.g., vehicle bodies) that enforces quality control by reducing manufac-
turing variations that occur in fractions of millimeters. This organizational CBR
collects, stores, and shares a collection of previous experiences common to the
dimensional management team.

The WWW is a secondary means of supporting knowledge sharing. As a CBR
system collects, stores and distributes knowledge, the web facilitates the distribu-
tion of CBR knowledge, at least to the extent that it does not require all its poten-
tial users to have the complete case libraries physically installed in their com-
puters. The feasibility of some businesses frequently depends upon the
management of its sales task force and how quickly it interacts with the engineer-
ing staff and quote experts. Western Air is an Australian distributor of heat and air
conditioning systems; they have chosen to use a web-based CBR application
[[22]] to guarantee a competitive advantage that also poses an entry barrier to
competition. They guarantee the precision of the specifications of each new sys-
tem and the accuracy of the quotes by relying in knowledge captured in previous
installations. The company management has realized that previous similar installa-
tions provide the required guidance better than other method to delineate good
specifications and produce accurate quotes even by inexperienced sales represen-
tatives. This system implements knowledge creation, understanding, distribution
and facilitates reuse.

Case-based recommendation [[23]] is another task that CBR systems can per-
form that synthesizes knowledge tasks resulting in the leveraging of knowledge
for the benefit of its users. The generic task is to recommend a product to a client
in e-commerce applications. This is somewhat different from other CBR systems
because in recommender systems, knowledge has not actually been created until a
user interacts with the system and together they create knowledge. The process in-
volves an interaction where users (clients) input their preferences by critiquing
products that are offered to them. These critiques are used to guide the following
retrievals that select recommendations based on similarities inferred between
products according to domain knowledge. This type of application combines do-
main knowledge with user’s preferences and a product database, enabling the easy
and fast recommendation of products that otherwise might not ever reach these us-
ers.

An application of a knowledge-based recommender system that uses CBR is
Dublet [[24]]. It recommends apartments for rental in Dublin, Ireland, based on a
description of the user’s preferences. Dublet also makes use of the sharing ability
of the WWW by employing information extraction to create cases dynamically by
extracting information from the web of apartments for rent and retrieves units that
match the user’s preference. Dublet performs knowledge synthesis (creation) and
extends the power of knowledge distribution of the CBR system by being opera-
tional in cell phones.

NEC [[25]] is using knowledge stored in a case library to reach unprecedented
levels in quality control and marketing of its products. One important issue they



have addressed refers to maintenance of case bases that used to be updated manu-
ally. The obvious problems arising from manual updates were overcome with the
creation of FAQ case bases automatically, allowing creation and understanding to
be implemented without human intervention. SignFinder is a system that detects
variations in the case bases generated automatically from customer calls. When
they detect variations on the content of typical customers requests, they can dis-
cover knowledge about defects on their products faster than with any other
method. This system illustrates many knowledge processes in an organizational
system that collects, understands, distributes, and also reuses its knowledge to dis-
cover more knowledge. Besides, the automatic update of the case library allows
the timely sharing of new defects solving the knowledge sharing obstacle they
face due to the magnitude of their organization. In addition to the increased effi-
ciency obtained by sharing the new discoveries among all agents, they gain valu-
able time by detecting defects in time for the company to take appropriate meas-
ures and minimize the damage to the brand’s image.

As the previous system reuses knowledge to create more knowledge, the fol-
lowing application implements automatic reuse for specific organizational tasks.
Note that KM systems have to encourage users to apply distributed knowledge to
promote reuse. One way of doing this is by distributing knowledge to the user in
the same context where it can be reused, and the user can implement it with just
the press of a button (though it can be configured to reuse without human ac-
knowledgement). This approach is implemented in the active lessons delivery sys-
tem (ALDS) [[5]], which has been conceived to implement the military lessons
learned process (last column in Table 2).

ALDS is a case-based module that contains lessons learned represented as cases
in an organizational CBR system. Each case embodies a pair task-lesson, whose
tasks are part of an organization’s process. ALDS can be incorporated to any in-
formation system where organizational processes are performed (e.g., a decision
support system, enterprise resource planning system). ALDS keeps track of the
task the user is performing and some other variables (state conditions) to retrieve
and display an applicable lesson. Because lessons are represented in terms of their
applicability to each task and how this applicability may vary based on the state
conditions, ALDS can display applicable lessons whenever they are needed. This
form of just-in-time knowledge facilitates reuse because lessons are presented to
the user in the context where they can be applied. When the target process allows,
and the reuse can be executed computationally, it can be done through the press of
a button. Weber and Aha [[5]] describe an example of automatic reuse incorporat-
ing ALDS to a plan authoring tool.

The examples above combine many knowledge tasks, though CBR can be also
used with emphasis on implementing knowledge collection. Once there is organ-
ized knowledge in a repository, they can be used as previous cases to guide
knowledge collection from human users. The benefit is the use of previous knowl-
edge artifacts in a CBR tool to instruct users of the format in which knowledge
should be communicated and immediately understood by the system. We prescribe
implementing knowledge creation with knowledge-based methods to guarantee



that understanding complements creation. This is how humans collect, validate
and store knowledge, comprising a genuine knowledge process (see Section 0).

Ontologies

Ontologies represent another knowledge-based methodology for the development
of systems that implement knowledge tasks. The main purpose of ontologies is to
provide a common language to support knowledge sharing. In practice, a common
language guarantees effective knowledge sharing, and thus should be a require-
ment for all systems intended to implement knowledge tasks. An excellent discus-
sion of the collaborative creation of an ontology to provide a shared language is
presented in [[26]].

Ontologies are an old solution to support knowledge processes. Philosophers
have relied on ontologies as a formalism that explains the nature of everything.
Artificial intelligence (Al) researchers have adopted ontologies as a comprehen-
sive knowledge representation formalism to provide commonsense reasoning in
support of knowledge tasks such as knowledge acquisition and reuse (see Lenat
(271D.

Initially, Al researchers supported the development of ontologies to provide
commonsense to other intelligent systems, like ES and CBR, which lack this fea-
ture. Today, ontology development and reuse is a topic of Al that encompasses an
independent methodology. Ontology-based systems are commonly equipped with
reasoning methodologies. Because the representation language used is typically
based on first order logic, rule-based reasoning is easy to implement within ontol-
ogy applications.

The knowledge-based community envisages ontologies as a knowledge model
that meets the requirements of being explicit, consensual, and conceptual [[28]]. It
is explicit because its knowledge has to be explicitly defined; an explicit represen-
tation of a concept can guarantee its consistency. It is consensual because its
knowledge must reflect agreement among its users. It is conceptual because its
knowledge abstracts a meaning of the elements it entails, representing a model of
a domain or the world.

Top-level ontologies represent mundane elements of the world such as air and
mass, typically consensual concepts. When applying ontologies, a top-level ontol-
ogy can be appended to a domain ontology that specifies the concepts of the spe-
cific domain of application.

To design an ontology for a specific domain, it is required to start from an onto-
logical analysis of this domain. Ontological analysis are very likely to be reused,
however a different application might require adaptations with respect to the spe-
cific facets that are considered in one application and not in others. This is a sam-
ple of the possible challenges posed in this reuse, though the consensus is that it
pays off to reuse. After choosing the right ontological analysis, the following step
is to use the analysis to organize common concepts. An important step is to choose



a proper top-ontology to reuse. Depending upon the application, you may need to
develop task and method ontologies.

Right now, it is still a challenge to find the right ontological analysis and one is
likely to need to formulate it. However, this formulation can and shall be per-
formed with a combination of existing ontological analyses.

Ontologies and Knowledge Management

The use of ontologies has been consistently associated with knowledge manage-
ment [[29],[30]] because of its main conceptual purposes such as supporting
knowledge sharing, acquisition, and knowledge representation. These are intrinsi-
cally related to knowledge engineering itself and its tasks, which are, de facto,
knowledge tasks. The biggest challenges faced by knowledge engineering in de-
veloping knowledge-based systems are mainly related to the high costs of knowl-
edge acquisition and the lack of commonsense knowledge. The adoption of an on-
tology can help overcome these challenges.

The Al movement towards ontologies is relatively young and thus there are not
many successful applications to illustrate its use. Some applications use parts of
ontologies as a representation formalism, but most applications that are considered
to be ontology-based are research prototypes. The promises of facilitating knowl-
edge sharing with the reuse and merging of ontologies seem to be a bit tougher
than first predicted. In the next subsection we describe some promising applica-
tions and useful methods to help put ontologies to work.

Applications of Ontologies for Knowledge Management

Developing ontologies for a specific domain is costly; therefore to make this effort
beneficial, a domain ontology has to be reused in more than one application. Large
organizations are then the obvious audience for such efforts, particularly if the
goals are to achieve knowledge management goals. The larger the organization,
the harder it is to promote knowledge sharing and guarantee the flow of knowl-
edge among its members; in addition, there are more experiences that need to be
shared, and more idiosyncrasies the organization may encompass. All this makes
knowledge management tasks more significant in achieving an organization’s
goals and at the same time more difficult to perform. Examples of large organiza-
tions that can potentially benefit from developing ontologies are in the government
(e.g., space agencies, IRS), the military (e.g., Navy), and large manufacturers that
have many plants and products (e.g., General Motors).

An example is the ontology developed for the JFACC (Joint Forces Air Com-
ponent Commander) to support many different knowledge-based systems for air
campaign planning [[31]]. Among the goals achieved in these projects were the
individual KBS, and the integration of knowledge acquisition and modeling efforts
to streamline KBS development. In addition, the ontology can also be used in sys-
tems that are not knowledge-based. The experience reported in this project re-



vealed that when attempting to share the same ontology throughout different ap-
plications, several problems come up. For example, merging knowledge bases into
ontologies, importing knowledge from ontologies into knowledge-based applica-
tions, and translating a publicly available ontology into a new language. Conse-
quently, most research in this field today addresses these challenges.

In some applications, ontologies play a secondary role, and some illustrative
examples go unnoticed. For example, the organizational CBR developed at GM
(described in Subsection 0) to support the dimensional management team, uses an
ontology of objects, verbs, verb phrases, and also includes a library of pictures,
which can be very helpful in real domain applications. The purpose of this ontol-
ogy is to explicitly define common concepts to support knowledge acquisition and
reuse.

The first niche of applications for ontologies in intelligent systems was natural
language because of the advantages of using a shared vocabulary to support tasks
such as disambiguation, content identification through the use of semantic catego-
ries, and metonymy resolution [[32]]. Knowledge-based machine translation be-
came feasible with the use of explicit common set of concepts and axioms [[33]].

The use of linguistic ontologies has been categorized along different applica-
tions to perform machine translation, parsing, automatic translation of natural lan-
guage words into a lexicon, use of wrappers, automatic translation of ontologies,
and search [[34]]. Examples of abstract ontologies are CYC and WordNet [[32]].
The use of ontologies to support natural language also plays an important role in
text mining and information extraction.

It seems as if the main contribution of ontologies to knowledge engineering and
knowledge management is the ability to extend previous knowledge engineering
methods to open domains. First, the limitations imposed by the knowledge acqui-
sition bottleneck are neutralized by the benefits of acquiring knowledge with the
support of an ontology. Second, ontologies can give structure to knowledge by in-
dicating the bounds and the concepts within a domain, thus alleviating the limita-
tions imposed by restricted domains. For example, [[35]] proposes the semi-
automatic creation of local ontologies through the interaction of users and the use
of machine learning methods employed over a collection of documents. The result
of the machine learning methods is the creation of templates to support informa-
tion extraction to this new domain. This illustrates how the use of ontologies can
aid in overcoming current limitations that hamper the use of techniques such as in-
formation extraction to open domains. The semi-automatic creation of a new on-
tology guided by user-interaction is also used in a more ample application to
merge ontologies [[36]]. Merging ontologies refers to the process of generating
one ontology from two or more source ontologies, which is necessary in overlap-
ping problem domains.

One of the strongest demonstrations of an ontology’s ability to implement
knowledge sharing is when it supports community web portals [[37]]. Web portals
are a common web-based entity that attracts users from a specific community
whose interests and ontologies are common by definition. It is then obvious to link
to such portals the explicit representation and definitions of the consensual knowl-



edge of a community. The direct benefit is to allow intelligent retrieval through
querying and an inference engine incorporated to the ontology.

Sometimes ontologies are needed to implement knowledge sharing among in-
dividuals with different views of the world. To enable the browsing and querying
for users in a broad audience, it is necessary to build different views of informa-
tion. Another use of ontologies to provide semantic infrastructure to web-based
applications is myPlanet [[38]]. This application makes use of personal views of
an ontology to facilitate access to specific services. This is a way to keep a con-
sensual ontology and also allow for personal interests to be contemplated in a
search for specific news items. They use an interest-driven profiling tool and de-
ductive retrieval techniques to redirect e-stories sent to a news server. The profil-
ing tool captures user’s preferences to determine which information is likely to be
useful to which users. This is a form of active casting [[6]] dissemination that at-
tempts to automatically detect potential audience of information. MyPlanet illus-
trates the common use of information extraction from user’s resources to update
the ontology. The knowledge obtained by users is used to deploy maintenance
methods, one of the most challenging issues in ontology research.

There is intuitive indication that information retrieval can benefit from using
ontologies. Aitken and S. Reid [[39]] describe some preliminary experiments sup-
porting this claim.

The use of ontologies to provide commonsense reasoning is sometimes ex-
tended in the integration with other knowledge-based methodologies. The idea is
that once one adopts an ontology to represent all concepts, actions, and axioms,
then it seems reasonable that you conduct all the reasoning within the same repre-
sentation paradigm. For this purpose, Diaz and Gonzalez [[40]] have formalized
the case-based reasoning methodology in an ontology. Therefore, actions such as
retrieval and adaptation are properly encoded in a CBR-specific ontology that can
be used in combination with domain-specific ontologies to develop knowledge-
rich CBR applications.

Today, there are several ontology editors that can make ontology development
and reuse a relatively simple task. A pragmatic analysis of these tools is found in
[[41]], where one can find the essential description to guide an effective choice.
Another pragmatic perspective on deploying, incorporating, and maintaining on-
tologies describes ontologies within object-oriented analysis [[42]].

The last decade has witnessed a growing occurrence of research scientists and
practitioners looking at ontology-related issues. This growing rate is likely to in-
crease because of what is considered to be the most important application of on-
tologies, the semantic web. Today, the challenge is to find a standard representa-
tion language to make the semantic web operational. One of the promising
languages is DAMLAOIL’. Then, the need of methodologies for reusing and
merging ontologies will have a pragmatic use whose results will benefit all of us
users of the web.

3 http://www.daml.org/2000/12/daml+oil-index.html.



Case Study — Expert Systems and Business Rules

In surveying the existing literature, examples of explicit KBKM — where as part of
the project it was well understood about the relationship between KM and KBS —
are difficult to find. In fact in some cases selling a KM implementation based on
any knowledge-based technology may be impractical given the stigma of these
systems over the years. In addition, corporations tend to be protective over suc-
cessful KM initiatives that represent competitive advantage. Our case study de-
scribes a framework for KBKM efforts on which these systems can be built.

In large corporations, the way a business operates can be articulated in the form
of business rules. A business rule, stated simply, is a rule by which a business op-
erates. Business rules pervade all aspects of business from large to small. Business
expertise is also articulated in terms of business rules — in fact, over time, if a
business is successful, the business rules should represent the experienced view of
running a particular business. Oftentimes it is the case, just as it is the case with
the traditional expert system development effort, that business rules are both im-
plicit — the business operates with a set of rules that are not formally stated, and
tacit — the employees maintain the rules in their heads. So it would seem the para-
digm that businesses use to operate (business rules) is the exactly same as is used
in expert systems.

For a moment, let’s take a step back and consider the relevance of rules to busi-
ness and in particular to the management process. In an article entitled Strategy as
Simple Rules [[43]] the authors attempt to articulate the rules of strategy for busi-
ness organizations. They identify five types of rules used by managers in business
processes. These rule types are how-to rules, boundary rules, priority rules, timing
rules, and exit rules. Eisenhardt and Sull [[43]] define and give an example of each
of these rules. For example, a boundary rule is defined as specifying how manag-
ers will focus on which opportunities can be pursued and which are outside the
pale. For example, Cisco’s early acquisitions rule is as follows: Companies to be
acquired must have no more than 75 employees, 75% of whom are engineers.

Although this example of a simple strategy rule is very high level one can see
that such rules could be easily codified into an expert system type of representa-
tion:

If you are deciding to acquire a company,

And the type of acquisition is early,

And the company has no more than 75 employees,

And 75% of the employees are engineers, THEN
This company represents a viable candidate for acquisition.

We could imagine that associated with this rule are others that guide the acquisi-
tion process and collectively could be used as a reference, a training device, or a
simulation tool for acquisitions.

A primary issue with business rules being tacit and implicit is that for the or-
ganization this knowledge will not be permanent. If an employee leaves the or-
ganization, then the tacit knowledge leaves with them. Expert systems afford or-



ganizations an opportunity to prevent this from happening by retaining the corpo-
rate memory of business rules within the knowledge base of the expert system. In
addition to the retention aspect of expert systems, there are several others as de-
lineated by Hoplin and Erdman [[44]]. These researchers offer that the advantages
of expert systems to business organizations include retention, ease of transfer, easy
to document, and more consistent decision making (the computer is not likely to
be distracted). Based on their data (albeit from 1990) they also suggest that ini-
tially although the cost for development is high, expert systems cost less than their
human counterparts in the long run.

We suggested earlier that expert systems offer organizations some unique op-
portunities. Hoplin and Erdman [[44]] point out that an expert system offers the
corporation expertise on demand thereby making it unnecessary for the human ex-
pert or experts to be physically present. Second, the expert system can be used for
predictive modeling. Take for example, a knowledge base of rules built around the
Cisco rule of acquisition. Given a perspective acquisition, Cisco could run the ac-
quisition through its expert system to determine the impact on its existing busi-
ness. A comprehensive expert system for acquisition would have many business
rules for determining whether an acquisition should be made.

Due to the dynamic of real world businesses, it is likely that these rules evolve
over time. To cope with an organization’s growing we suggest incorporating a les-
sons-learned module [[5]]. This case-based module (see Section 0) would capture
lessons either manually (i.e., by acquiring lessons from organization’s members)
or automatically (i.e., by detecting shifts in the use of rules) and distribute under-
stood knowledge back to its users to ultimately be incorporated into the knowl-
edge base in the form of new rules.

Finally, given the magnitude of the target organization, an ontology can be de-
veloped to represent the organization’s domain. Properly attached to an abstract
ontology, it would be able to capture commonsense knowledge to facilitate valida-
tion and verification methods for the expert system and case-based components.

Conclusion

Knowledge-based knowledge management refers to technologies that explicitly
manipulate knowledge to perform knowledge tasks of the knowledge process. We
have examined knowledge processes in its conceptual form when conceived and
performed by humans and some instances of the knowledge processes imple-
mented with technology.

It appears as the human knowledge cycle includes understanding in the knowl-
edge collection; whereas computerized knowledge processes designed to be sup-
ported by computers are conceived as having understanding later in the process.
From this statement one could identify as genuine knowledge processes only the
ones that are able to combine understanding as part of knowledge creation (or as
an immediate consequence). Therefore, a genuine knowledge creation would have
to be performed either by humans of by intelligent systems that can emulate the



required grounds for computer understanding, which include being able to ma-
nipulate knowledge and reason with it; identify analogies; and be able to autono-
mously reorganize its body of knowledge after each new collection [[45]].

We have examined three methodologies that perform knowledge processes that
we denote as knowledge-based knowledge management. These methodologies are
expert systems, case-based reasoning, and ontologies. We have described recent
advances and successful applications of these methodologies and how well they
are suited for knowledge management tasks.

KM is gaining increased importance as both practitioners and research scien-
tists acknowledge its relevance by implementing various frameworks to address
pragmatic KM problems reusing decades of technology developed for knowledge-
based systems. This phenomena itself can be considered a KM task, as knowledge
reuse, representation, and retrieval are amongst the most important goals of KM.
This also represents strong evidence of the adequacy of using knowledge-based
technologies for any KM effort.

The KBKM technologies represent the knowledge engineering body of knowl-
edge and practice of manipulating knowledge-based systems. This body of exper-
tise is the state of the art to support technology-based solutions for knowledge
management. Some of the applications here described exemplify how KBKM can
be integrated to organizational environments to serve an organization’s goals.

We have tried in this chapter to demonstrate the relevance of knowledge-based
technologies to knowledge processes and knowledge management tasks. Clearly
there is relevance here if and only if technology is not taken as the fix for the prob-
lem. When an approach is taken where technology is used as the fix for knowledge
management, the knowledge management solution is less than satisfactory. Never-
theless, the methods we discuss offer frameworks and tools that can aid in the
process of knowledge management. Since many of these technologies have long
histories of research it may be possible for an organization to gain insight into
knowledge processes by utilizing one or more of the technological methods we
discuss.
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