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Abstract
One of the most important challenges in developing
problem solving methods is to combine and
synergistically utilize general and specific knowledge.
This paper presents one possible way of performing this
integration that might be generally described as follows:
"To solve a problem, first try to use the conventional rule-
based approach. If it does not work, try to find a similar
problem you have solved in the past and adapt the old
solution to the new situation". We applied this heuristic
for a classification task. The background concepts of this
heuristic are standard cases (the source of data for the
rules) and exceptional cases (representative of the specific
knowledge). The presented empirical study has not shown
this attempt to be successful in accuracy when it is
compare to its parents methods: instance-based and rule-
based approach, but a careful policy in the distribution of
standard and exceptional cases might provide a
competitive classifier in terms of accuracy and
comprehensibility.

1 Introduction

In recent years case-based reasoning has gained
popularity as an alternative to the rule-based approach,
but the human problem solving psychological
investigations (Riesbeck and Schank 1989) show that
there is a wide spectrum from specific cases to very
general rules typically used. This view is supported by an
integrated architecture of the two problem solving
paradigms: instance-based learning and a rule-based
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system (Surma and Vanhoof 1995). In this approach the
classifying process is based on rules (that represent 
standard and/or a typical situation) and cases (that
represent the particular experience, exceptions and/or
non-typical situations). For this kind of knowledge the
classifier uses the following heuristics: To classify a new
case, the ordered list of rules is examined to find the first
whose condition is satisfied by the case. If no rule
condition is satisfied, then the case is classified by means
of the nearest-neighbor algorithm on the exceptional
cases. The knowledge structures required by this
heuristic are obtained from an input set of cases. This set
is split into two disjoined subsets of exceptional and
standard cases. The exceptional cases are the source of
data for the instance-based component, and the standard
cases are used for generating rules by means of the
induction algorithm (in order to avoid
overgeneralization, the exceptional cases are in use
during the induction process too). The splitting criterion
problem is a core of the next section. As it was clearly
summarized by Domingos (Domingos 1996), those two
problem solving paradigms appear to have
complementary advantages and disadvantages. For
example the instance-based classifiers are able to deal
with complex frontiers from relatively few examples, but
are very sensitive to irrelevant attributes. Conversely, the
induction rules algorithm can relatively easily dispose
irrelevant attributes, but suffer from the small disjuncts
problem (i.e. rules covering few training examples have
a high error rate (Holte, Acker, and Porter, 1989)). 
course this combining problem solving heuristic should
be applied very carefully, but its psychological roots
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(assuming that the input problem is a standard one and
starting the solving strategy with a general knowledge)
gives a background for a good comprehensibility. The
experimental evaluation in human resources
management (Surma and Vanhoof 1995) and
bankruptcy prediction (Surma, Vanhoof, and Limere
1997) shows a good explanatory ability of the integrated
approach. The rule sets generated from the standard
cases are more readable for an expert than rule sets
generated from all available cases. This increase in
comprehensibility was obtained without a significant
decrease of the classifying accuracy. In this paper we
would like to evaluate this statement more precisely on
the standard machine learning databases. The goal of the
paper is twofold. First, we compare the classification
accuracy of the integrated architecture with the C4.5 and
I-NN (nearest-neighbor) classifiers. Second, we
empirically evaluate the different splitting criteria.
In section 2 the splitting criteria are introduced. In
section 3 we show the empirical results of comparisons
between the different splitting criteria and classification
approaches. In section 4 we present a short overview of
related work on integrating case-based and rule-based
reasoning. Finally the paper concludes with the final
remarks.

2 Splitting Criterion

One of the most important problems with the integrated
approach is to find a suitable database splitting criterion.
We took into consideration the heuristic approach that is
based on Zhang’s formalization of the family
resemblance idea (Zhang 1992). It is assumed that the
typical cases have higher intra-class similarity and lower
inter-class similarity than atypical cases. The intra-class
similarity of a case (intra_sim) is defined as a case
average similarity to other cases in the same class, and
the inter-class similarity (intersim) is defined as its
average similarity to all the cases in other classes. This
issue is formally described in our previous paper (Surma
and Vanhoof 1995). Let us introduce two typicality
functions (for each case c from the input set of cases):
typicality-I(c) = intra_sim(c) and typicality-II(c) 
intra_sim(c) - inter_sim(c). Those functions reflect 
ways of interpretation of the exceptional cases. The cases
with a small value of typicality-I are interpreted as the
,,outliers", commonly placed outside the main cluster of
its class. The typicality-II function (based on the Zhang
resemblance idea) is computed in the context of other
classes, and consequently exceptions are placed in the
borders between classes. Now we can apply those
typicality functions for splitting an input set of cases.
The optimum splitting point (with accuracy as an
objective function) might vary from one database to
another. It is possible to establish that splitting point in
the experimental way. By means of a given typicality
function we can order cases from the most typical to the
less typical one. Based on this order we can evaluate
experimentally the integrated approach by testing

different splitting points for every typicality function. In
the next section we present precisely that experiment.

3 Empirical Results

Database For the experiment 5 public access sets from
the UCI Repository of Machine Learning Databases at
the University of California (Irvine) were selected. The
variety of the databases characteristics is shown in Table
1.

Table 1. Databases characteristics

Characteristic: Voting Zoo Crx Monk Led
Size 435 101 690 556 1000

No of attributes 16 17 15 6 7
No of classes 2 7 2 2 10
Symbolic values + + + + +

Numeric values + +

Unknown values +

Noise +

where: Voting: U.S. Congressional voting 1984,
Zoo: the Zoo database, Crx: Japanese credit
screening, Monk: the Monk problem, Led: the
digital LED display domain.

The experiments were conducted by means of 10 fold
cross-validation. In all experiments the rules were
generated with the help of Quinlan’s C4.5 Machine
Learning programs (Quinlan 1993). Figures 1,2,3,4, and
5 show the results of the comparison between the
splitting functions: typicality-I and typicality-II. The
dimension X in every graph is normalized in order to
representing the output after 10 tests for 0% of standard
cases (100% exceptions), 25% (75% exceptions) .....
until 100% (0% exceptions). The results for 0% standard
cases are obtained due to the 1-NN classifier, because all
the learning cases are interpreted as exceptions. And the
results for 100% standard cases are obtained due to the
C4.5 classifier, because all the learning cases are
interpreted as the standard ones. That is why we can read
from the graphs not only the difference between the
splitting criteria but also the accuracy comparisons
between an integrated approach and a representative of
each of its parent methods: I-NN and C4.5. Surprisingly
there is no difference in the shape curves between the
typicality functions. It means that the overlap between
classes in the investigated databases is considerable and
the number of outliers is not significant. For this kind of
database the exceptions are mainly placed on the borders
between classes, and consequently the typicality-I
function generates almost the same ordering of cases like
the typicality-II function. The typicality-I function
performed slightly better than the typicality function-II
but the differences are not statistically significant (in all
comparisons ANOVA was used on 0.05 level).
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Figure 1. Experimental results on the Voting database
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Figure 2. Experimental results on the Zoo database
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Figure 3. Experimental results on the Crx database
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Figure 4. Experimental results on the Monk database
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Figure 5. Experimental results on the Led database

As it was expected the trends in the curves are dependent
on the characteristics of the database. For example in the
symbol oriented database Voting, the increase of
standard cases (more rules) influences the increase 
the classification accuracy. On other hand in the Crx
database (a lot of numerical data) we can observe the
completely inverse trend. It is easy to notice that in this
case the instance-based approach performed significantly
better than C4.5. For two databases we obtained
statistically significant differences between the worst
result in the integrated approach and one of its parent
methods. In the Crx database the 1-NN classifier is
significantly better, and in the Monk database both
classifiers: 1-NN and C4.5 are better then the integrated
approach. It should be underlined that during
experiments C4.5 was working on the default rule when
the number of standard cases was small (i.e. in the ZOO
database), so this fact decreased the performance of the
integrated approach. Nevertheless the results are clear
and show that a significant synergy was not obtained by
combining an instance-based and rule-based approach in
the way presented in this paper. This not means that this
way of integration is not reasonable at all, but an
intensive empirical study is needed (especially on the
artificial databases with a significant number of outliers)
in order to understand completely a trade-off between
accuracy and comprehensibility.

approximation to the answer, but if the problem is
judged to be compellingly similar to a known exception
of the rules, then the solution is based on the exception
rather than on the rules. Last but not least there is the
unifying approach implemented in the RISE algorithm
by Domingos (Domingos 1996). RISE solves the
classification taskby intelligent search for the best
mixture of selected cases and increasingly abstract rules,
and finally classification is performed using a best-match
strategy.

5 Conclusions

The research reported here attempted to combine the
instance-based and rule-based problem solving
techniques in a single architecture based on the standard
and exceptional cases. In contrary to our previous
experience concerning a good comprehensibility of this
approach, the presented empirical evaluation has not
shown this attempt to be successful in terms of accuracy.
The empirical results on the splitting criteria show that
only a careful ,,splitting" policy may give an accurate
and comprehensive classifier.

4 Related Work

The integration of the instance-based or more generally
case-based and rule-based methods has attracted a lot of
research. For this paper we summarize only three, but
probably the most significant approaches. Rissland and
Skalak described a system CABARET that integrates
reasoning with rules and reasoning with previous cases
(Rissland and Skalak 1991). This integration was
performed via a collection of control heuristics. Golding
and Rosenbloom propose the ANAPRON system for
combining rule-based and case-based reasoning for the
task of pronouncing surnames (Golding and Rosenbloom
1991, 1996). The central idea of their approach is to
apply the rules to a target problem to get a first
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