
I. INTRODUCTION

MANY manufacturers offer buyers the opportunity to cus-
tomize the products ordered. This opportunity is bene-

�cial to customers, as they can build a product to match their
needs. In the current market, consumers are demanding for this
facility more often [8]. The large number of customer-speci�ed
products (unique product con�gurations) complicates produc-
tion. A customer may select any combination of product options
that makes it dif�cult to predict the level of inventory required.
For example, with only ten binary options to be selected by
the customer and no feasibility requirements, there are 210 or
1024 possible product con�gurations. This is a relatively small
number of product con�guration for many products sold in the
market. For a product as large as a truck, this is an infeasible
number of product con�gurations to be produced. Many options
offer more than two choices, which further increase the number
of possible product con�gurations. Also, the low likelihood of
more than one similar product con�guration being ordered at
the same time leads to excessive changeovers in manufacturing.

A manufacturer can reduce production costs if many cus-
tomers buy the same product con�gurations. In such a case,
predicting sales would become more exact, production costs
would be reduced, and a certain level of product inventory can
be justi�ed. A consumer may be willing to purchase a prod-
uct con�guration (package) recommended by the manufacturer
provided that it substitutes the desired product con�guration,
and is offered at the right price. Such an approach could reduce
the number of diverse product con�gurations, thus, signi�cantly
reducing the manufacturing costs.
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However, in the most desirable and unrealistic scenario, a
manufacturer would offer one product con�guration to all cus-
tomers. This would simplify production, and result in low man-
ufacturing costs. The problem with such scenario is, of course,
that consumers demand to customize their purchases. If the
product offered does not meet their needs, they purchase a com-
petitive product. This leads to the problem of �nding the correct
level of mass customization to meet consumers’ needs and to
minimize manufacturing costs.

In this paper, a sales history database is used to identify prefer-
ences of customers’ purchasing trucks. Customers’ preferences
are re�ected in the product con�gurations. Each con�guration
is targeting a certain group of customers. The similarity of the
customers is evaluated by the product options they select. To
�nd the product con�gurations, thek-means algorithm has been
extended to handle industrial data. Ask-means algorithm can
converge to a local optimum, two different extensions are pro-
posed to determine the best product con�gurations.

II. M OTIVATION

Mass customization is de�ned as permitting “customized
manufacture on a mass basis” [7]. According to [8], there are
three main ideas justifying the use of mass customization. The
�rst is the advent of �exible manufacturing and information
technologies that enable production systems to deliver higher
variety of products at lower costs. The second idea is that con-
sumers are constantly increasing their need for product variety
and customization. Finally, the shortening of the product life
cycles and intense competition has led to the shift away from
mass production, increasing the need for production strategies
focused on individual customers. Jiao and Tseng [13] discussed
mass customization in the context of design and assembly.

Reduction of product complexity offers a great value to mass
customization. Complex products imply high manufacturing
costs, high inventory cost, as well as long response time. Gen-
erally speaking, a product undergoes three stages, i.e., design,
manufacturing, and selling stage. Product complexity can be
reduced at each of these stages.

Promoting standardization, modular design [15]–[16], design
of product families, and portfolio are widely used for complex-
ity reduction at the product design stage. Simpsonet al. [4]
presented two approaches to product family design. The �rst
approach is top-down, and it applies to products that are to be de-
veloped. In this approach, a company develops a product family
based on a product platform. The second approach is bottom-
up, and it applies to the existing products. Here, a company
makes a decision to redesign or consolidate a group of distinct
products by standardizing components to improve economies of
scale. The companies using the top-down approach to product-
family design, target mass customization from the outset of
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combines thek-means andk-modes algorithms [3]. For numeric
attributes, the mean is used to determine the cluster centroids.
For categorical attributes, the mode is used.

B. Selecting the Best Product Configurations

The k-means,k-modes, andk -prototypes generate clusters
of different sizes and properties. Therefore, not every cluster
generated by the algorithm is suitable for a product con�gura-
tion. From the manufacturing point of view, it is desirable to
have as few clusters (product con�gurations) as possible. For
example, if the consumers’ needs can be met by offering eight
product con�gurations, there is no reason to offer 20 product
con�gurations. Offering less product con�gurations contribute
to the reduction of inventory and the number of manufactur-
ing changeovers. Because of this, selecting the most suitable
con�guration is of importance. Two different methods for con-
�guration selection are used in this paper: sorting and optimiza-
tion (integer programming). To select the best con�gurations,
metrics describing the goodness of the individual clusters are
derived.

C. Configuration Quality Metrics

There are three types of possible behavior of customers con-
�guring products. First, the customer �nds the exact match with
one of the prime con�gurations. Second, when the customer
can not con�gure a product exactly matching their require-
ments, they may consider choosing the prime con�guration that
is most similar to the desired one. This type of behavior re�ects
migration. Finally, the customer may proceed with con�guring
a unique product despite the price and option bene�ts offered.

The clustering is to produce prime product con�gurations en-
couraging migration of as many customers as possible to the
product con�gurations offered. Once clustering is performed, a
way to compare the different results is needed. With the indus-
trial data that was available, two basic metrics provided a good
indication of what percentage of the population was close to the
cluster centroid:

� the number of option migrations each customer needed to
reach to the cluster centroid;

� the price difference between the customer’s actual sale and
the cluster centroid.

To use these two metrics, a maximum number (N ) of allow-
able option migrations and a maximum change in price ($M )
are set. This allows one to determine the number of observa-
tions that require fewer thanN option migrations or have a
price change of less than$M . The larger value of these metrics,
the better the quality of con�gurations formed.

By combining the two metrics, a new metric was formed
called “may migrate.” This metric counts the number of sales
that required less thanN option migrations and a less than$M
price change to migrate to the closest package. It incorporates all
the information available about whether a customer would pur-
chase a package (recommended prime product con�guration)
rather than a unique product con�guration.

D. Sorting Algorithms

The metrics used in the case study have different character-
istics. By sorting the generated con�gurations on these metrics,
the most suitable clusters can be selected in the presence of other
constraints, e.g., customer coverage.

E. Integer-Programming Model

Another approach of selecting clusters is by using an integer-
programming model. Compared to the sorting algorithm, this
approach allows for incorporation of various constraints. The
linear integer-programming model used in the industrial case
study has the form presented next. The objective function of this
integer-programming model is to minimize the total number of
prime con�gurations (cluster centroids).

Min
m∑

i=1

xi

s.t. gj(x1, . . . , xm) ≤ 0, j = 1, . . . , n

xi = 0 or 1, i = 1, . . . , m

wherexi is a 0–1 variable indicating the choosing of theith
cluster centroid (1 stands for selecting the centroid of cluster
i), gj(x1,x2,...,xm) is a general functional form of thejth con-
straints,n is the number of constraints, andm is the number
of clusters. This program is easily extendable to different cost
metrics and constraints. This includes constraints limiting the
number of observations with less thanN option migrations and
less than$M price change, as well as the percentage of obser-
vations that may migrate.

IV. I NDUSTRIAL CASE STUDY

A. Data Set

To test the three modi�edk-means clustering algorithms, an
industrial data set containing 6216 sales records of trucks was
used. Each truck con�guration consisted of ten different options.
Included in the data set were the codes and prices of each op-
tion. The prices for individual options ranged from$0 (included
for no extra charge) to$132,000 (the largest base truck). The
modi�ed k-means clustering algorithms were used on this data
set to derive the best prime packages to be recommended to the
customers.

B. Clustering Cost Metrics

This case study offers several scenarios for cost metrics that
can be used in the clustering algorithm. The most basic approach
is clustering based on option codes. If this approach is used,
each difference between a product con�guration and a centroid
is treated equally.

Another approach that can be used is to cluster using the
prices of the options. This makes it less likely that a high price
option will be same as low price option. The problem with this
method is that a product con�guration may migrate multiple
options to keep the prices similar, e.g., it will migrate one option
costing$150 more, and two options that combine to cost$125
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TABLE I
EXAMPLE DATA SET

less. The difference in price is only$25, however, there are three
different option migrations. To evaluate these clusters, the prices
were migrated to the nearest price for an option code, and that
option code was used.

The third approach involves clustering with combined prices
and option codes. Due to the high prices associated with the
option codes, the impact of prices are most visible in the solu-
tions produced by thek -prototypes algorithm. When evaluating
the clusters, the centroids are formed based on the option code
rather than the price as illustrated in example 1.

Example 1: Assume that three cab types are offered: A (stan-
dard), B (comfort), and C (deluxe) at the cost$0 (included in
the base machine price),$1500, and$2500, respectively. If in a
cluster of �ve product con�gurations, two truck con�gurations
include type A cab and three with C type cab, the average price
spent is$1500. Assuming that the average price was used for
centroid forming, type B cab would be selected. None of the
product con�gurations included in the cluster included type B
cab. By using the option code for centroid forming, option C
cab is chosen as its mode (three) is greater than that of A (two)
or B (zero).

1) Weighted Clustering: Another clustering approach that
considered the importance of options was utilized. In this ap-
proach, the user speci�es a weight for each option. In practice,
the weights could be provided from marketing research on users’
feeling of how important each option was with relation to the
other options. Because this information was not available in
the data set used in this research, the weights were taken from
the maximum price differences in option codes for each option.
These weights were then used with thek-modes algorithm as
illustrated in example 2.

Example 2: Table I shows �ve product con�gurations, each
involving four options. Applying thek-modes clustering algo-
rithm to the data in Table I, results in three clusters shown
in Table II. When weights are incorporated into thek-modes
clustering algorithm, the result in Table III is obtained. For the
case with weights, product con�guration 3 moved from clus-
ter 2 to cluster 3. This is because a weight of 2 was used for
transmission, making product con�guration 3 closer to product
con�guration 5 than it is to product con�guration 2.

C. Product Configuration Evaluation Metrics

Clustering aims at generating packages encouraging migra-
tion of as many customers as possible to the packages offered.
With the data that was available, there were two different met-
rics that provided a good indication of what percentage of the

TABLE II
RESULT PRODUCED BY THEk-MEANS ALGORITHM

TABLE III
RESULT FROM k-MEANS CLUSTERINGWITH WEIGHTS

population was close to the cluster centroids. These two cluster
evaluation metrics are as follows:

1) the number of option migrations each customer needed to
get to the cluster centroid;

2) the price difference between the customer’s actual sale
and the cluster centroid.

For the industrial data set considered in this paper, the max-
imum number of allowable option migrations was set at two.
With ten option groups, this means that 80% of the package
must still match the customer’s exact speci�cations. The maxi-
mum change in price for this dataset was set at greater or lower
than $1000. Because these trucks cost between$80,000 and
$150,000, $1000 is a conservative guess on how much more or
less a customer may be willing to pay.

To combine these two metrics together, a new metric called
“may migrate” was formed. This metric counts the number
of sales that required less than two option migrations and a
less than$1000 price change for migration to the closest pack-
age. It incorporates all the information available about whether
a customer would purchase a package rather than a unique
con�guration.

V. COMPUTATIONAL RESULTS

A. Clustering

The industrial data set was clustered using the four cost met-
rics discussed in Section IV-B. Each criterion was used �ve
times: once for each of the 5, 10, 15, 20, and 25 clusters. This
demonstrates how each cost metric performs for a differing
number of clusters. The weights used for the weighted code
clustering were scalars of the maximum price change possible
in each option group.

The number of clusters increases as the percentage of product
con�gurations that may migrate increases. As there are more
centroids with more clusters, the likelihood that customer’s
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TABLE IV
RESULTS FORFIVE CLUSTERS

TABLE V
RESULTS FORTEN CLUSTERS

TABLE VI
RESULTS FOR15 CLUSTERS

TABLE VII
RESULTS FOR20 CLUSTERS

requirements will closely match a centroid increases. Depend-
ing on the data used for clustering, the percentage of product
con�gurations (customer orders) that may migrate varies con-
siderably.

As shown in Tables IV–VIII, clustering with only code as the
cost metric produces the most product con�gurations that need
fewer than two option migrations. However, clustering on only
code also has the fewest product con�gurations requiring a less
than$1000 price change in four of the �ve tests. The latter leads
to the poorest performance in three of the �ve tests performed.

Clustering on code and price, price only, and weighted price,
all perform best in at least one of the �ve tests. It is interesting to
note that the cost metric that resulted in the highest percentage
of sales that “may migrate” also had the highest number of sales
with less than a$1000 price change. Because the best performing
cost metric is dependent on the number of desired clusters, no

one cost metric can be deemed the best. The result depends on
the data set and the number of packages the company wishes to
offer.

B. Reduction of the Number of Clusters

1) Sorting Algorithm: As the clustering algorithm groups
product con�gurations sold into clusters, each cluster has differ-
ent properties, e.g., size, option codes, and therefore, it presents
a different value to the manufacturer as well as potential cus-
tomers. One method to reduce the number of clusters is sort-
ing. The key product-con�guration evaluation metric de�ned in
Section IV-B is the percentage of product con�gurations that
may migrate. This metric was used to sort the clusters generated
by a clustering algorithm. The results produced by the sort-
ing algorithm are shown in Table IX. The minimum percentage
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TABLE VIII
RESULTS FOR25 CLUSTERS

TABLE IX
RESULTSPRODUCED BY THESORTING ALGORITHM

of product con�gurations classi�ed as “may migrate” was set
at 35%. In some tests, sorting reduced the number of selected
packages dramatically. It also shows that increasing the number
of clusters may not always provide the best results. The tests
that selected the smallest number of clusters used less than 25
clusters formed. This can be partly attributed to the fact that
with more clusters, there are fewer product con�gurations in
each cluster. Therefore, more clusters must be selected to meet
the same criteria. If there is a known goal that must be met, this
means that having more clusters will meet the goal, however,
it may exceed the goal. Exceeding the goal may be undesirable
because it increases the number of selected clusters.

Another advantage in using a small number of original clus-
ters is the impact on other metrics (see Table IX). When using
the “code and price” as the metric for clustering with either 15
or 10 clusters, 9 clusters are selected to obtain a rate of 35%
“may migrate.” However, selecting the 9 clusters from 10 orig-
inal clusters produces better results for each metric in Table IX.
Using the 9 clusters from 10 original clusters outperforms the
case with 12 clusters from 25 original clusters. As some cus-
tomers may choose to migrate to a package even if the criteria
for the may migrate metric are not met, it is desirable to have
the percent less than 2 option migrations and percent less than
$1000 price change metrics at high levels as well. This shows
that more customers are close in some respects to the selected
clusters. Having high values for these statistics is, therefore,
desirable.

2) Integer-Programming Model: Another approach for the
selection (reducing the number) of clusters is an integer-

programming model. This approach allows to incorporate more
constraints and performance metrics than the sorting approach
discussed in Section V-B1). An integer-programming model
allows several performance metrics to be included and to de-
termine the most suitable metric. In the industrial case study
discussed in this paper, the main performance metric to be max-
imized is the percentage of sales that may migrate. However,
the customers willing to buy a package, provided the package
does not require more than two option migrations or requires
less than a$1000 price change, can also be considered. If lower
bounds for the two metrics are set, more customers may bene�t
from the packages offered.

In the industrial case study, the constraints were set as follows:
a) minimum 35% of customers may migrate; b) minimum 60%
of customers had≤ 2 option migrations; and c) minimum 40%
of customers had≤ $1000 price change. The basic integer-
programming model used in the case study is

Min
∑

xi, i = 1, . . . , m

s.t.
∑

zixi/w − 0.6 ≥ 0, i = 1, . . . ,m

∑
vixi/w − 0.4 ≥ 0, i = 1, . . . ,m

∑
yixi/w − 0.35 ≥ 0, i = 1 . . . ,m

xi = 0, 1, i = 1 . . . ,m

wherexi is for theith cluster,m is the number of clusters,w
is the number of sales records,yi is the number of sales that
may migrate in theith cluster,zi is the number of sales with
≤2 option migrations in theith cluster, andvi is the number of
sales with≤ $1000 price change in theith cluster. The results
from running this model on all tests are presented in Table X.
The results shown include tests that meet the constraints of the
model.

VI. SUMMARY

The analysis of the results presented in Tables IX and X
shows that solving the models of Section V-B2) has resulted
in less product con�gurations than the number generated by
the sorting algorithm. As meeting the 35% of “may migrate,”
which was not the binding constraint, the integer-programming
model resulted in more clusters being selected than the sorting
algorithm. In most cases, the model generated results that were
more acceptable to the practitioners than the ones produced by
the sorting algorithm.

The number of clusters formed affects various metrics. For
example, as the number of clusters increases, “may migrate”
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