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Abstract. Knowledge containers represent the structural elements of a case—
based reasoning system, namely the vocabulary, the similarity measures, the so-
lution transformations (adaptation knowledge), and the case base. Every knowl-
edge container can be maintained separately, however, recent work in the area of
case—based reasoning system maintenance concentrates on maintaining the case
base. Based on this, four hypotheses are formulated: there is no maintenance
without regarding the case base, cases are natural crystallization points for the
knowledge in case—based reasoning systems, the case base triggers maintenance
operations, and the case base contains knowledge for preventive maintenance.
Furthermore, these hypotheses will be considered by measures, methods, and a
framework for maintenance of case-based reasoning systems.

1 Introduction

The notion of knowledge containers [10] became the standard paradigm for the rep-
resentation of structural elements in case—based reasoning (CBR) systems. A knowl-
edge container is a collection of knowledge which is relevant to many tasks rather than
to one subtask and each knowledge container gives structure to the knowledge. The
knowledge containers are the vocabulary used, the similarity measures, the solution
transformations (adaptation), and the case base.

Each knowledge container is able to hold almost all knowledge. For example, the
similarity measure can be reduced to a simple comparison, if a reasonable number of
cases are collected. If all possible cases are collected (which is of course an academic
case) a pure interpreter approach can be built. Another example is that with a more
sophisticated adaptation knowledge the number of cases can be reduced. In addition to
this a better similarity measure can reduce the effort of finding a more sophisticated
adaptation.

Because of performance reasons there is a compile step for knowledge contain-
ers. The knowledge for the vocabulary, similarity, and adaptation is compiled while the
knowledge in the cases is used at run time. The compile time refers to the time after
knowledge acquisition and before the actual problem solving. Furthermore, this means
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that these containers stay static and every change will need a new compilation. In con-
trast the acquisition of cases requires little or no additional effort if the cases are already
present. Instead of compilation the cases are interpreted at run time and every change
can be made immediately.

The compilation and interpretation of the knowledge containers affects their main-
tainability. Each container has its own maintenance approach and therefore can be de-
scribed separately. Furthermore the increasing integration of CBR techniques in busi-
ness processes shows that maintenance is required to keep the system in satisfactory
working condition. By using knowledge containers maintenance can be applied sep-
arately on every container. However, looking at the recent work in the area of CBR
system maintenance, there is one major stream of research — the concentration on
maintaining the case base.

The purpose of this paper is first, to explain this concentration based on four hy-
potheses:

1. There is no maintenance without regarding the case base.

2. Cases are natural crystallization points for the knowledge in CBR Systems.
3. The case base triggers maintenance operations.

4. The case base contains knowledge for preventive maintenance.

Second, it will be shown that these hypotheses are supported by current research in
maintenance of CBR systems.

The paper is structured as follows: Section 2l describes the scenario of how a com-
mercial CBR system is commonly built. Section[3] develops the hypotheses mentioned
above. Then, the support for the central role of the case base in current research is dis-
cussed (section ). Finally, this paper concludes that the case base knowledge container
must play the central role in maintenance in case—based reasoning (section[3)).

2 Scenario

Companies routinely collect a vast amount of data through their business processes.
This includes vast amounts of documents, and huge databases, customer support knowl-
edge management systems, and planning systems. For example, sales companies have
their product catalogs and customer data bases. Help—desk organizations collect man-
uals, magazines, frequently asked questions (FAQ), trouble shooting documents, and
trouble tickets.

To build a CBR system all the four knowledge containers have to be filled from
these data sources. This is outlined briefly in the following subsections.

2.1 Vocabulary

The vocabulary container includes all the information about the names, definitions, and
structure of the CBR system. In business processes, keywords are first extracted from
the data sources. Depending on the focus of the case base terms with no relevance
(stopwords) are also collected. The stopwords can then be ignored in queries. An expert



may add missing vocabulary if necessary, define an ontology and structure the keywords
into hierarchies.

In terms of the product catalog example the names of the products and the order
numbers are good candidates for the vocabulary knowledge container. From the prod-
uct descriptions keywords along with stopwords can be extracted. An expert can add
synonyms for the product names.

2.2 Similarity measures

The similarity container stores the measures which are necessary to retrieve a case. It
characterizes part of the background knowledge of the particular domain, and together
with an indexing function, the similarity measures establish the retrieve process. They
can be extracted from the data sources and are entered by an expert. Similarity measures
are somewhat indirect knowledge. Local similarity measures describe the similarity
between single attributes of a query and a case. Global similarity measures combine
local similarity values.

For example, local similarity measures compare product properties whereas global
similarity measures compare the query and the cases on the whole. Local similarity
measures can often be derived directly from the domain knowledge.

2.3 Adaptation knowledge

The adaptation container encloses the knowledge to transform the retrieved solutions
meeting the needs of the given problem. Adaptation knowledge is dependent on the
application domain and is usually harder to acquire than the similarity measures.

For example, products may be adapted to meet customer requirements but in help—
desk scenarios there is often no chance to adapt a solution automatically to solve a given
problem.

2.4 Case Base

The case base is developed as directly from the data sources as possible in commercial
CBR applications. Therefore cases are easy to acquire in the construction and deploy-
ment phase of a case—based reasoning system. For example, product catalogs provide a
good basis to build a case base whereas help—desk domains usually require more effort.

3 Hypotheses

While the development of case bases from companies’ data sources is relatively well ex-
plored [3], the maintenance of commercial case—based reasoning systems is not. For the
maintenance of commercial CBR systems the role of the case base knowledge container
must be examined further. Therefore, four hypotheseﬂ are presented: First, there is no

! Hypotheses are unproved assumptions, which may not always be directly proven as in mathe-
matics.



maintenance without regarding the case base. Second, cases are natural crystallization
points for the knowledge in CBR systems. Third, the case base triggers maintenance
operations. And fourth, the case base contains knowledge for preventive maintenance.
These hypotheses will be explained now in more detail.

3.1 There is no maintenance without regarding the case base

Maintenance can be done for every knowledge container separately but not without re-
gard to the other knowledge containers. In particular, it cannot be done without regard-
ing the case base. The vocabulary container is maintained by inserting new keywords
from new cases within the case base, or by deleting or changing keywords. The simi-
larity measures are updated through the contents of the case base. If there is adaptation
knowledge, then the case base is used to refine this knowledge. The case base knowl-
edge container itself can be maintained by the insertion of new cases into the case base
or through the optimization of the contents of the case base.

3.2 Cases are natural crystallization points for the knowledge

Cases are discrete packets of knowledge in a CBR system, e.g. problem solution pairs
in a help—desk system or products in a product catalog. Background knowledge can
be grouped around these portions of knowledge. By putting additional knowledge into
similarity measures a case becomes applicable in more situations. As a result of the
addition of knowledge into the adaptation knowledge container, the applicability of the
case is extended even further.

3.3 The case base triggers maintenance operations

The knowledge in the vocabulary, similarity measures, and adaptation containers is
compiled knowledge. In contrast to the case base with its interpreted knowledge these
three containers do not change as much as the case base. Because only (recognized)
changes can be used to trigger maintenance operations the case base is the most appro-
priate choice.

Possible triggers are timers, counters, and quality measures [9]. A trigger can be
based on single cases or on the whole case base. Timers and counters trigger the main-
tenance operations when they expire or (do not) reach a specific threshold. For example,
actuality is a timer and retrieval frequency is a counter. Quality measures also can be de-
rived from one or more cases. For example, inconsistency can occur in one single case
(intra—case inconsistency) or between two ore more cases (inter—case inconsistency)

[7].

3.4 The case base contains knowledge for preventive maintenance

The case base as the only interpreted knowledge container behaves dynamically with
respect to its contents and size. Therefore, this ability of the case base knowledge con-
tainer extends the maintenance with a preventive part. This preventive maintenance can



be supported by trends or the detection of important and undeveloped or superfluous ar-
eas in the case base. For the prediction of trends data must be collected and meaningful
measures must be used. This data can be collected from single cases and from the case
base.

For example, in a help—desk environment a printer series is being replaced by a
newer generation of printers piece by piece. The knowledge about this specific line of
printers will become obsolete. The analysis of the access frequency of such cases shows
that this knowledge tends to become superfluous and that this area of the case base
should be kept under close observation. An analysis of unresolved queries would also
show that there is an increasing interest in the newer printer generation. Visualization
with the help of measures can support this essential maintenance task.

4 The role of the case base in current research

This section shows the role of the case base in current research with the help of the four
hypotheses presented above.

4.1 There is no maintenance without regarding the case base

Heister and Wilke [6] describe how to handle changes in the vocabulary container
through repair operations on the case base. They describe all possible operations on
the vocabulary and the effects on the similarity measures and the case base. For ex-
ample, the deletion of parts of the vocabulary can render similarity measures or cases
useless. Repair scripts help the user to counteract vocabulary changes.

Aha [1] discusses four different case—based learning (CBL) algorithms. They re-
duce the costs of case retrieval through a case addition strategy. Noisy cases are elimi-
nated through statistical prediction. Irrelevant features and similarity dependencies are
detected and removed by adjusting the similarity weights.

Aha [2]] and Aha and Breslow [3} 4] describe a maintenance approach which refines
conversational case libraries (CCL). The basic idea of refining CCL is a transformation
process which fulfills the constraints of a given design guidelines’ knowledge. The input
of the process is the CCL and some design guidelines. The output is a transformed CCL.
First, a hierarchy inducer transforms the CCL into hierarchies. These hierarchies and
the design guidelines are the input for a hierarchy editor. The results are hierarchies
which meet the design guidelines. Finally, a case extractor transforms these back to
cases of a CCL.

4.2 Cases are natural crystallization points for the knowledge

The improvement of adaptation knowledge is the topic of the work of Wilke, Vollrath
and Bergmann [[13]. This paper describes a knowledge light approach where adaptation
knowledge is shifted from the other three knowledge containers. The main focus of this
paper is to show how to transfer knowledge of the case base knowledge container into
the adaptation knowledge container by using inductive learning methods. Adaptation
knowledge is crystallized around the cases.



4.3 The case base triggers maintenance operations

The detection of inconsistencies and redundancy in semi—structured and unstructured
case bases is the focus of the work of Racine and Yang [7,|8]. They propose measures to
detect and eliminate intra—case inconsistencies, inter—case inconsistencies, and redun-
dancies. Intra—case inconsistency is detected through constraint violations of attributes
within a case. Inter—case inconsistency is discovered across two or more cases. Redun-
dancy is identified if at least two cases are identical, which is difficult to determine in
unstructured cases.

Reinartz, Iglezakis, and Roth—Berghofer [9] define several quality measures based
on different case and case base properties. The quality measures describe specific char-
acteristics of the case base such as correctness, consistency, uniqueness, minimality, and
incoherence. These quality measures could be used to trigger maintenance operations.

Smyth and Keane [[L1] and Zhu and Yang [14] use the size of the case base as a
trigger to preserve case base competence. Preserving competence means that the case
base performance remains at a certain level while minimizing the size of the case base.

4.4 The case base contains knowledge for preventive maintenance

Smyth and McKenna [12] developed a system for visualization of competence groups
and for the navigation through the space of competence group cases: the CASCADE
(Case Authoring Support and Development Environment) system. This system stores
the information about which competence group a case belongs to with the case.

S Summary

This workshop paper looked at the role of the case base knowledge container for the
maintenance of case—based reasoning systems. Based on a typical scenario for the de-
velopment of a commercial case—based reasoning systems four hypotheses were pre-
sented:

1. There is no maintenance without regarding the case base.

2. Cases are natural crystallization points for the knowledge in CBR Systems.
3. The case base triggers maintenance operations.

4. The case base contains knowledge for preventive maintenance.

This paper showed also that these hypotheses are supported by current research. Ac-
cording to above observations, the case base knowledge container has the central role
in maintenance of case—based reasoning systems.

Future research should concentrate on a framework for maintaining case—based rea-
soning systems by concentrating on maintaining the case base. Therefore, it is important
to develop quality measures for case bases. These quality measures can then be used
by methods for triggering maintenance operations and preventive maintenance. Also,
methods are needed to implement quality improvement of the case base.
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