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Abstract

Case-based reasoning (CBR) shows significant promise for improving the effectiveness of complex and unstructured decision making.
CBR is both a paradigm for computer-based problem-solvers and a model of human cognition. However the design of appropriate case
retrieval mechanisms is still challenging. This paper presents a genetic algorithm (GA)-based approach to enhance the case-matching
process. A prototype GA—CBR system used to predict customer purchasing behavior is developed and tested with real cases provided by
one worldwide insurance direct marketing company, Taiwan branch. The results demonstrate better prediction accuracy over the results from
the regression-based CBR system. Also an optimization mechanism is integrated into the classification system to reveal those customers most
likely and most unlikely customers to purchase insurance. © 2002 Elsevier Science Ltd. All rights reserved.
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1. Introduction

Case-based reasoning (CBR) shows significant promise
for improving the effectiveness of complex and unstructured
decision making. It is a problem-solving technique that is
similar to the decision making process used in many real
world applications. CBR is both a paradigm for computer-
based problem-solvers and a model of human cognition.
The reasoning mechanism in the CBR system is based on
the synergy of various case features. Therefore this method
differs from a rule-based system because of its inductive
nature. That is CBR systems reason using analogy concepts
rather than the pure decision tree (or IF-THEN rules)
usually adopted in rule-based systems.

Basically the CBR core steps are (1) retrieving past cases
that resemble the current problem; (2) adapting past solu-
tions to the current situation; (3) applying these adapted
solutions and evaluating the results; and (4) updating the
case base. Basically CBR systems make inferences using
analogy to obtain similar experiences for solving problems.
Similarity measurements between pairs of features play a
central role in CBR (Kolodner, 1992). However the design
of an appropriate case-matching process in the retrieval step
is still challenging. Some CBR systems represent cases
using features and employ a similarity function to measure
the similarities between new and prior cases (Shin & Han,
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1999). Several approaches have been presented to improve
the case retrieval effectiveness. These include the parallel
approach (Kolodner, 1988), goal-oriented model (Seifert,
1988), decision trees induction approach (Quinlan, 1986;
Utgoff, 1989), domain semantics approach (Pazzani and
Silverstein, 1991), instance-based learning algorithms
(Aha, 1992), fuzzy logic method (Jeng & Liang, 1995),
etc. These methods have been demonstrated effective in
retrieval processes. However, most of these research
works focused on the similarity function aspect rather
than synergizing the matching results from individual case
features. In essence when developing a CBR system, deter-
mining useful case features that are able to differentiate one
case from others must be resolved first. Furthermore the
weighting values used to determine the relevance of each
selected feature has to be assigned before proceeding with
the case matching process. Rather than being precisely or
optimally constructed, the weighting values are usually
determined using subjective judgment or a trial and errors
basis. To provide an alternative solution this article presents
a genetic algorithm (GA)-based approach to automatically
construct the weights by learning the historical data. A
prototype CBR system used to predict which customers
are most likely to buy life insurance products is developed.
The data provided by one worldwide insurance direct
marketing subsidiary in Taiwan was used for constructing
this model. The results show that the GA-based design of
CBR system generates more accurate and consistent
decisions than the regression-based CBR system.
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Fig. 1. The general CBR process.

2. An overview of CBR

Analogy, one way of human reasoning, is the inference
that a certain resemblance implies further similarity. The
CBR is a similar machine reasoning that adapts previous
similar cases to solve new problems. It can be considered
as a five-step reasoning process shown in Fig. 1 (Bradley,
1994).

Presentation: a description of the current problem is input
into the system.

Retrieval: the system retrieves the closest-matching cases
stored in a case base (i.e. a database of cases).
Adaptation: the system uses the current problem and
closest-matching cases to generate a solution to the
current problem.

Validation: the solution is validated through feedback
from the user or the environment.

Update: if appropriate, the validated solution is added to
the case base for use in future problem-solving.

Case retrieval searches the case base to select existing
cases sharing significant features with the new case.
Through the retrieval step, similar cases that are potentially
useful to the current problem are retrieved from the case
base. That is, previous experience can be recalled or adapted
for the solution(s) to the current problem and mistakes made
previously can be avoided.

The computing of the degree of similarity between the
input case and the target case can usually be calculated
using various similarity functions among which the

nearest-neighbor matching is one of the frequently used
methods.

2.1. Nearest-neighbor matching

Nearest-neighbor matching is a quite direct method that
uses a numerical function to compute the degree of
similarity. Usually, cases with higher degree of similarities
are retrieved. A typical numerical function (Eq. (1)) is
shown in the following formula (Kolodner, 1993).

i W+ sim( £, £%)
=1

Sw,
i=1

where W; is the weight of the ith feature, f,~I is the value of the
ith feature for the input case, f,-R is the value of the ith feature
for the retrieved case, and sim() is the similarity function for
f1and fR.

The implicit meaning of nearest-neighbor matching is
that each feature of a case is a dimension in the search
space. A new case can be added into the same space accord-
ing to its feature values and the relative importance of the
features. The nearest-neighbors identified can then be
presented as similar cases. However, the matching process
can only be executed with prior known weighting values as
well as clearly defined similarity functions. Most of times
weighting values are determined using human judgement,
and thereby the retrieved solution(s) cannot always be
guaranteed. Though Brieman et al. argued that the nearest-
neighbor algorithms are sensitive to the similarity functions
(Brieman, Friedman, Olshen, & Stone, 1984), the additional
effects from weighting synergy could leverage the potential
uncertainty. Wettschereck, Aha, and Mohri, (1997)
organized feature weighting methods and summarized that
feature weighting methods have a substantially higher learn-
ing rate than k-nearest-neighbor. Kohavi, Langley, and Yun,
(1995) described the evidence that feature weighting
methods lead to superior performance as compared to
feature selection methods for tasks where some features
are useful but less important than others. Though Kelly
and Davis (1991) proposed a GA-based, weighted K-NN
approach to attain lower error rates than the standard
K-NN approach, seldom has other study focused on the
non-linear feature value distance relationship between an
old case and an input case. To overcome this shortcoming
in the traditional case retrieval process, this study presents a
GA approach to support the determination of the most
appropriate weighting values for each case feature.

ey

3. The genetic algorithm approach

GA is an optimization technique inspired by biological
evolution (Holland, 1975). Its procedure can improve the
search results by constantly trying various possible solutions
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with the reproduction operations and mixing the elements of
the superior solutions. In contrast to the traditional mathe-
matical optimization methods that search for solutions via a
blindfold, the GA works by breeding a population of new
answers from the old ones using a methodology based on
survival of the fittest. Based upon the natural evolution
concept, the GA is computationally simple and powerful
in its search for improvement and is able to rapidly converge
by continuously identifying solutions that are globally opti-
mal within a large search space. By using the random selec-
tion mechanism, the GA has been proven to be theoretically
robust and empirically applicable for searching in complex
spaces (Goldberg, 1989).

To determine a set of optimum weighting values, the
search space is usually quite huge. This is because the
search process must consider countless combinations of
variant possible weighting values for each of the feature
against all of the cases stored in the case base. Therefore,
traditional approaches such as heuristic or enumerative
search methods are lack of efficiency due to the enormous
computing time.

To solve a problem, the GA randomly generates a set of
solutions for the first generation. Each solution is called a
chromosome that is usually in the form of a binary string.
According to a fitness function, a fitness value is assigned to
each solution. The fitness values of these initial solutions
may be poor. However, the fitness values will rise as better
solutions survive in the next generation. A new generation is
produced through the following three basic operations.

1. Reproduction: solutions with higher fitness values will be
reproduced with a higher probability. Solutions with
lower fitness value will be eliminated with a higher
probability.

2. Crossover: crossover is applied to each random mating
pair of solutions. For example, consider solutions S; and

S;= 01 101011
S;= 00 101100

(a)

S;= o1 |101011
S;= 00101100
(b)

S= 01 101100
S= 00 101011
(c)

Fig. 2.

S, (Fig. 2a). By randomly choosing the location for the
separator (as symbol | shown in Fig. 2b), a simple cross-
over can be applied to yield S," and S,’ as new offspring
(Fig. 2¢).

3. Mutation: with a very small mutation rate P,,, a mutation
occurs to arbitrarily change a solution that may result in a
much higher fitness value.

3.1. The fitness function

The objective of the proposed GA approach is to deter-
mine a set of weighting values that can best formalize the
match between the input case and the previously stored
cases. The GA is used to search for the best set of weighting
values that are able to promote the association consistency
among the cases. The fitness value in this study is defined as
the number of old cases whose solutions match the input
case(s) solution, i. e. the training case(s). In order to obtain
the fitness value, many procedures have to be executed
beforehand. Fig. 3 presents the overall system framework.
The details of the system processes are shown in the system
architecture as follows.

3.2. The system architecture

The system is composed of three major processes. One
case base includes both training cases and old cases. The
Similarity Process computes the similarity between an input
training case and an old case. The similarity value (named
Overall Similarity Degree (OSD)) is derived by summing
each degree of similarity resulting from comparing each
pair of corresponding case features out of the selected
training case and old case. The OSD is expressed as the
following equation (Eq. (2)).

OSD =S W, # S )

i, j:k

n

i=1

Where i = 1,...,n, n is the total number of features in a case.
old

Training II
Cases Cases
CUTTTTTXUUCASEBASE . T
Case j Case k

Similarity
Process

Weighting
Process

Evaluation
Process

Not Accepted
Accepted

End of Training

Fig. 3. The system architecture.
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Table 1
The illustration of the evaluation function

Training Expected Real Matched (y;)
cases outcome (O',-) outcome (0))

Case, Yes Yes 1

Case, No Yes 0

Case; No No 1

Case, : :

Total Evaluation Y=3"y

function

W; is the weighting value assigned to the ith feature. This
value is generated from the Weighting Process by the GA. ¢;
represents the power of S, which represents the degree of
similarity for the ith feature between the training case j and
the old case k (j = 1 to p; k = 1 to g). p is the total number
of training cases; while g is total number of old cases. S; ;
is used as an index to describe the similarity level for certain
case features for one training case against that of one old
case. This can be expressed as the following equation

(Eq. (3)).

Sijk = 1 — [[Featurecy,,, — Featurecy, [/[Range;] 3)

where Range; is the longest distance between two extreme
values for the ith feature.

3.3. The evaluation process

As mentioned earlier, OSD is the key determinant for
assessing the similarity between the input case and the old
case. For each the Similarity Process batch executed with a
specific input case, Case;, then ¢ OSDs are produced since g
old cases have been compared with the input Case;. The
basic notation is that the higher the OSD, the more likely
the retrieved old case matches the input case. Therefore the
challenge becomes how to determine the most appropriate
case(s). The purpose for introducing the GA is to determine
the most appropriate set of weighting values that can direct a
more effective search for higher OSDs to match the input
case.

Usually there may exist several old cases that are inferred
to be similar (either exact or near identical) to the input case.
In other words, the solution (i.e. the outcome feature) of
each old case could be proposed as a solution for a certain
training case. To determine which cases whose outcome
feature can be adopted as the outcome feature for the
input case, this research proposes that for the majority of
the outcome feature among the top 10% OSDs in those old
cases are used to represent the final solution for each batch
of the Similarity Process execution for a given training
Case;. The derived final expected outcome feature is
denoted as O'j as opposed to the real outcome feature O;
for a given training Case;.

However for a complete run of the Similarity Process, p
outcome features will be determined for each training case.
Hence the Weighting Process is applied to minimize the
overall difference between the original real outcome
features and the expected outcome features. In other
words, the more chance O'j is deemed as equal to Oj, the
higher the probability that the appropriate weighting values
can be produced. According to the illustration in Table 1,
the evaluation function is expressed as the following
equation (Eq. (4)).

Maximize

p
Y=>y )
=1

where p is the total number of training cases; y; is the
matched result between the expected outcome and the real
outcome, if Oj- = Oj then y; is 1; otherwise y; is 0.

4. The experiment and results
4.1. Data description

Customer classification is an important issue in real world
marketing. It is believed that the more understanding the
corporation has about its customer behavior patterns, the
greater the chance that more effective marketing strategies
can be developed. This research adopts the GA—CBR
method to classify potential customers into either purchas-
ing or non-purchasing categories. Data derived from real
world insurance customer was collected by the direct
marketing department and separated into learning and
testing groups for model construction. In order to develop
a model able to effectively differentiate purchasing
customers from non-purchasing customers, all possible
factors such as customer demographics and other supporting
information were collected. The supporting information
from experienced domain experts and information from

Table 2
The description of case features

Feature (1) Data type Content Range
Gender Character F: female; M: male N
Marital status Character Y: married; N: single: 2

U: unknown
Number of child Integer Range: [1-8] 8.0
Age Integer Range: [1-70] 70.0
Profession List Range: [1-10] 2
Zip code Integer Three-digits zip code N
Area saving rate Integer Range: [1-27] 27
Purchasing Character Y: Yes; N: No
potential
(predicted
outcome)

* Indicating the range is not required. The features were matched using
heuristic rules.
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Table 3
The learning results of weighting values and powers

Weight values Powers

Wl 0.01 e 2
W, 0.01 e, 1
Ws 0.01 e 3
Wy 0.07 ey 1
W5 0.72 [ 3
We 0.17 e 2
W7 0.01 e7 2

professional reports were collected to support the feature
selection process (Kenneth & David, 1987; Reynolds &
Wells, 1977). These factors were further investigated
using statistical factor analysis to reveal the most influential
factors that would have substantial impact upon the
outcome.

The substantial factors derived as case features include
Gender, Marital Status, Number of Child, Age, Profession,
Zip Code, Area Saving Rate. The data model and detail
explanation of these features is described in Table 2. Four
hundred and forty customer profiles were averaged and
mixed with purchasing and non-purchasing cases and
learned by the multiple logistic regression and the GA-
CBR. The 400 GA-CBR cases were used for model
construction with 40 cases used for testing.

4.2. GA control parameters

The key parameters consisting of population size, cross-
over rate, and mutation rate needed to be defined first when
developing GA computer programs. A theory that can
concisely guide the assignment of these values is rarely
seen (Srinivas & Patnaik, 1994). Initially, the following
values were adopted in this research.

Population size 50
Crossover rate 0.5
Mutation rate 0.1

4.3. The developed model and forecasting results

After the 1000th generation in the GA training process,
the best approximate weighting values and powers for the
similarity values are shown in Table 3.

Once these derived values were applied to the case
features, the GA—CBR system produced an accuracy or
‘Best-Fit’ of 77% from the targets (purchasing outcomes)
over the training data, the regression model produced an
accuracy of 50%. The GA—CBR demonstrated an accuracy
of 65% with the test data. The regression model accuracy
was 45%. These results are shown in Fig. 4.

4.4. Exploring the customers with the most potential

Basically prediction models are used to map the inputs to
determine the outcome(s). However when the model is
complex, is not possible to easily figure out the appropriate
inputs that can best approximate the expected target. This
situation applies to GA—CBR as well. In order to further
explore those customer types that are most likely and most
unlikely to purchase the insurance products, an additional
procedure is required to aid the search process. This research
adopted another GA computer program to determine the three
types of customers most likely and most unlikely customers
to purchase insurance. These customer types were presented
in Table 4. Such information provides highly strategic values
for the following campaign management.

5. Discussion and conclusion

Defining appropriate feature weighting values is a crucial
issue for effective case retrieval. This paper proposed the GA-
based approach to determine the fittest weighting values for
improving the case identification accuracy. Compared to the
regression model, the proposed method has better learning
and testing performance. In this study the proposed GA-based
CBR system is employed to classify potential customers in
insurance direct marketing. The results show significant
promise for mining customer purchasing insights that are
complex, unstructured, and mixed with qualitative and quan-
titative information. By using the GA’s rapid search strengths
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Fig. 4. Learning accuracy vs. testing accuracy for—CBR and regression model.
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Table 4
The most likely and unlikely purchasing customer types

C. Chiu / Expert Systems with Applications 22 (2002) 163—168

Type Gender Marital status Number of child Age Profession Zip code Area saving rate
Most likely customers A F Y 1 40 3 540 27

B M N 4 64 7 540 27

C M Y 4 52 2 570 26
Most unlikely customers D F Y 3 58 2 120 19

E M N 4 60 2 120 19

F F N 4 55 6 650 23

this system is able to determine the optimum customer char-
acteristics that reflect the customer features that are most
likely and unlikely to buy the insurance products. This system
has not only demonstrated its better performance for predic-
tion but also the ability to understand a model. While tradi-
tional approaches may provide many similar capabilities,
other types of business data can be intensively investigated
and tested to assure the GA—CBR strength in modeling clas-
sification problems. Because the similarity functions may
influence the case association process, future research may
work on different combinations of similarity functions
between case features to examine their retrieval effectiveness.
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