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.

Inthis 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, th&-means algorithm has been
extended to handle industrial data. Reneans algorithm can
converge to a local optimum, two different extensions are pro-
M ANY manufacturers offer buyers the opportunity to cusposed to determine the best product con gurations.

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 Il. MOTIVATION
facility more often [8]. The large number of customer-specied Mass customization is de ned as permitting “customized
products (unique product con gurations) complicates produgnanufacture on a mass basis” [7]. According to [8], there are
tion. A customer may select any combination of product optiofisree main ideas justifying the use of mass customization. The
that makes it dif cult to predict the level of inventory required. rst is the advent of exible manufacturing and information
For example, with only ten binary options to be selected h¥chnologies that enable production systems to deliver higher
the customer and no feasibility requirements, there are 210\@fiety of products at lower costs. The second idea is that con-
1024 possible product con gurations. This is a relatively smadumers are constantly increasing their need for product variety
number of product con guration for many products sold in thend customization. Finally, the shortening of the product life
market. For a product as large as a truck, this is an infeasillgcles and intense competition has led to the shift away from
number of product con gurations to be produced. Many optionfass production, increasing the need for production strategies
offer more than two choices, which further increase the numb@kcused on individual customers. Jiao and Tseng [13] discussed
of possible product con gurations. Also, the low likelihood ofmass customization in the context of design and assembly.
more than one similar product con guration being ordered at Reduction of product complexity offers a great value to mass
the same time leads to excessive changeovers in manufacturfigtomization. Complex products imply high manufacturing

A manufacturer can reduce production costs if many cusosts, high inventory cost, as well as long response time. Gen-
tomers buy the same product con gurations. In such a casgally speaking, a product undergoes three stages, i.e., design,
predicting sales would become more exact, production cogignufacturing, and selling stage. Product complexity can be
would be reduced, and a certain level of product inventory cadduced at each of these stages.
be justi ed. A consumer may be willing to purchase a prod- Promoting standardization, modular design [15]-[16], design
uct con guration (package) recommended by the manufactuigfproduct families, and portfolio are widely used for complex-
provided that it substitutes the desired product con guratioiy reduction at the product design stage. Simpsoal. [4]
and is offered at the right price. Such an approach could redygi@sented two approaches to product family design. The rst
the number of diverse product con gurations, thus, signi cantidpproach is top-down, and it applies to products that are to be de-
reducing the manufacturing costs. veloped. In this approach, a company develops a product family

. . . __based on a product platform. The second approach is bottom-

Manuscript received September 3, 2005; revised May 26, 2006. This paper . . ..
was recommended by Associate Editor J. Lazansky. P, and it applies to the existing products. Here, a company

The authors are with the Intelligent Systems Laboratory, Department Biakes a decision to redesign or consolidate a group of distinct
Mechanical and Indust_ri.al Engineering, University gf lowa, lowa City, 'Pproducts by standardizing components to improve economies of
52242-1527 USA (e-mail: andrew-kusiak@uiowa.edu; mrsmith@eenginee 's%ale. The companies using the top-down approach to product-

uiowa.edu; zhe-song@uniowa.edu). A ) i
Digital Object Identi er 10.1109/TSMCC.2007.897503 family design, target mass customization from the outset of

I. INTRODUCTION

1094-6977/$25.00 © 2007 IEEE



604 IEEE TRANSACTIONS ON SYSTEMS, MAN, AND CYBERNETICS—PART C: APPLICATIONS AND REVIEWS, VOL. 37, NO. 4, JULY 2007

combines th&-means an#-modes algorithms [3]. For numericD. Sorting Algorithms
attributes, the mean is used to determine the cluster centroid

. ) . SThe metrics used in the case study have different character-
For categorical attributes, the mode is used.

istics. By sorting the generated con gurations on these metrics,
the most suitable clusters can be selected in the presence of other
. i . constraints, e.g., customer coverage.
B. Selecting the Best Product Configurations

The k-means k-modes, and -prototypes generate clustersE. Integer-Programming Model
of different sizes and properties. Therefore, not every clusterA

ted by the alaorithm i itable T quct nother approach of selecting clusters is by using an integer-
generated by Ine aigorithm 1S sultable Tor a product con gur rogramming model. Compared to the sorting algorithm, this
tion. From the manufacturing point of view, it is desirable t

: ) pproach allows for incorporation of various constraints. The
have as few clusters (product con gurations) as possible.

le. if th , q b t by offeri .é?z{[ear integer-programming model used in the industrial case
example, It the consumers needs can be met by ofierng €l udy has the form presented next. The objective function of this
product con gurations, there is no reason to offer 20 produ

. . X . teger-programming model is to minimize the total number of
con gurations. Offering less product con gurations contrlbuteprime con gurations (cluster centroids)

to the reduction of inventory and the number of manufactur-

ing changeovers. Because of this, selecting the most suitable X

con guration is of importance. Two different methods for con- Min Z Li

guration selection are used in this paper: sorting and optimiza- =1

tion (integer programming). To select the best con gurations, st.  gj(z1, ..., 2m) <0, 5=1,...,n

metrics describing the goodness of the individual clusters are o .

. zi=0orl ¢=1....m

derived.
wherez; is a 0-1 variable indicating the choosing of thk
cluster centroid (1 stands for selecting the centroid of cluster

C. Configuration Quality Metrics 1), gj (z1,22,...,xm) is a general functional form of thgth con-

. . straints,n is the number of constraints, amd is the number
There are three types of possible behavior of customers con-

guring products. First, the customer nds the exact match with clgsters. This program |s.ee.15|ly extendable FO d|f'fer'e.nt cost
metrics and constraints. This includes constraints limiting the

one of the prime con gurations. Second, when the customer : . X S
. . . number of observations with less thahoption migrations and
can not con gure a product exactly matching their require: ;

. . . . ess thar$ M price change, as well as the percentage of obser-
ments, they may consider choosing the prime con guration th\zliétions that mav miarate
is most similar to the desired one. This type of behavior re ects y mig '
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 em, Data Set

couraging migration of as many customers as possible to theTo test the three modi edt-means clustering algorithms, an
product con gurations offered. Once clustering is performed,.a '

: . X .~ 'industrial data set containing 6216 sales records of trucks was
way to compare the different results is needed. With the indus- . : : ;
: . . . . used. Each truck con guration consisted of ten different options.

trial data that was available, two basic metrics provided a go : .
S : ncluded in the data set were the codes and prices of each op-
indication of what percentage of the population was close to t

e . C ) i
cluster centroid: I0n. The prices for individual options ranged fré® (included
¢ the number of option migrations each customer needed

fPOr no extra charge) t§132,000 (the largest base truck). The
reach to the cluster centroid;

modi ed k-means clustering algorithms were used on this data
¢ the price difference between the customer’s actual sale asneé to derive the best prime packages to be recommended to the
the cluster centroid.

customers.

To use these two metrics, a maximum numb€j 6f allow-
able option migrations and a maximum change in prigél )
are set. This allows one to determine the number of observaThis case study offers several scenarios for cost metrics that
tions that require fewer tha’v option migrations or have a can be used in the clustering algorithm. The most basic approach
price change of less th&i/. The larger value of these metricsjs clustering based on option codes. If this approach is used,
the better the quality of con gurations formed. each difference between a product con guration and a centroid

By combining the two metrics, a new metric was formed treated equally.
called “may migrate.” This metric counts the number of sales Another approach that can be used is to cluster using the
that required less thalv option migrations and a less th&A/ prices of the options. This makes it less likely that a high price
price change to migrate to the closest package. Itincorporatesogition will be same as low price option. The problem with this
the information available about whether a customer would punethod is that a product con guration may migrate multiple
chase a package (recommended prime product con gurati@ptions to keep the prices similar, e.g., it will migrate one option
rather than a unique product con guration. costing$150 more, and two options that combine to c§$25

IV. INDUSTRIAL CASE STUDY

B. Clustering Cost Metrics
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TABLE | TABLE Il
EXAMPLE DATA SET RESULT PRODUCED BY THEK-MEANS ALGORITHM
Cab Engine Brakes | Transmission Cab Engine Brakes | Transmission
1 A Z L H 1 A V4 L H Cluster
2 B X N G 4 A z L G 1
3 B Y N I 2 B X N G Cluster
4 A Z L G 3 B Y N I 2
5 C Y M I 5 C v M I Clu3ster
less. The difference in price is ori25, however, there are three TABLE Il
. . . . . RESULT FROM k-MEANS CLUSTERING WITH WEIGHTS
different option migrations. To evaluate these clusters, the prices
were migrated to the nearest price for an option code, and tt Cab | Engine | Brakes | Transmission
option che was used: _ _ _ _ 1 A 7 T 1 Cluster
The tr_urd approach involves cll_Jstermg with com_bmed price[— A 7 L G 1
and option codes. Due to the high prices associated with t e
option codes, the impact of prices are most visible in the sol . E X N < 2
tions produced by thie-prototypes algorithm. When evaluating 3 B Y N I Cluster
the clusters, the centroids are formed based on the optioncqd 5 C Y M I 3
rather than the price as illustrated in example 1. Weight 1 1 1 2

Example 1: Assume that three cab types are offered: A (stan-
dard), B (comfort), and C (deluxe) at the c&ét(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 pric
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 and the clugter centroid. . S
cab. By using the option code for centroid forming, option C For the industrial data set considered in this paper, the max-

cab is chosen as its mode (three) is greater than that of A (t UM numbgr of allowable. option migrations was set at two.
or B (zero). th ten option groups, this means that 80% of the package

1) Weighted Clustering: Another clustering approach thatmUSt sl mat<_:h th_e customer’s exact speci cations. The maxi-
considered the importance of options was utilized. In this a lum change in price for this dataset was set at greater or lower

proach, the user speci es a weight for each option. In practic an $1000. Because these trucks cost betwé0,000 and

the weights could be provided from marketing research on use éSO’OOO’ $10001is a conse.r\{atwe guess on how much more or
feeling of how important each option was with relation to thlaeSS a custqmer may be Wlllmg to pay. .

other options. Because this information was not available ‘inTO cornblne”these two metrics togeth_er, a new metric called
the data set used in this research, the weights were taken frifidy Migrate” was formed. This metric counts the number

the maximum price differences in option codes for each optio?l. sales that req_uwed less than lWO pptlon migrations and a
These weights were then used with thenodes algorithm as less thar$1000 price change for migration to the closest pack-
illustrated in example 2 age. It incorporates all the information available about whether

Example 2: Table | shows ve product con gurations, each? customer would purchase a package rather than a unique

involving four options. Applying thé&-modes clustering algo- con guration.

rithm to the data in Table I, results in three clusters shown

in Table 1l. When weights are incorporated into thenodes V. COMPUTATIONAL RESULTS

clustering algorithm, the result in Table I1l is obtained. For thg = c|ystering

case with weights, product con guration 3 moved from clus- . ) )

ter 2 to cluster 3. This is because a weight of 2 was used erThe industrial data set was clustered using the four cost met-

transmission, making product con guration 3 closer to produ€fcs d.iscussed in Section IV-B. Each criterion was used ve
con guration 5 than it is to product con guration 2. 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
Clustering aims at generating packages encouraging migimeach option group.

tion of as many customers as possible to the packages offeredlhe number of clusters increases as the percentage of product

With the data that was available, there were two different meten gurations that may migrate increases. As there are more

rics that provided a good indication of what percentage of tlentroids with more clusters, the likelihood that customer’s

population was close to the cluster centroids. These two cluster

evaluation metrics are as follows:

e1) the number of option migrations each customer needed to
get to the cluster centroid;

2) the price difference between the customer’s actual sale

C. Product Configuration Evaluation Metrics
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TABLE IV
RESULTS FORFIVE CLUSTERS

Code Only  Code and Price  Price Only =~ Weighted Code

# obs in cluster 6216 6216 6216 6216
% obs <= 2 option migrations 58.46% 39.00% 36.29% 44.64%
% obs match centroid 4.92% 3.01% 2.83% 3.22%
% obs < $1,000 price change 26.17% 32.43% 34.75% 25.26%
% may migrate 23.44% 22.01% 24.15% 21.40%
TABLE V

RESULTS FORTEN CLUSTERS

Code Only Code and Price  Price Only  Weighted Code

# obs in cluster 6216 6216 6216 6216
% obs <= 2 option migrations 71.35% 56.37% 54.68% 60.67%
% obs match centroid 11.73% 10.96% 5.66% 5.79%
% obs < $1,000 price change 34.19% 46.46% 42.55% 39.30%
% may migrate 31.64% 37.31% 35.10% 33.27%
TABLE VI

RESULTS FOR15 QLUSTERS

Code Only  Code and Price  Price Only =~ Weighted Code

# obs in cluster 6216 6216 6216 6216
% obs <= 2 option migrations 79.95% 62.97% 59.85% 63.93%
% obs match centroid 14.70% 13.32% 8.11% 9.07%
% obs < $1,000 price change 34.97% 51.50% 49.10% 36.92%
% may migrate 33.49% 40.70% 39.49% 33.00%
TABLE VI

RESULTS FOR20 QLUSTERS

Code Only Code and Price  Price Only  Weighted Code

# obs in cluster 6216 6216 6216 6216
% obs <= 2 feature migrations 82.46% 64.12% 67.76% 70.79%
% obs match centroid 14.83% 12.89% 8.98% 13.18%
% obs <$1000 price change 36.39% 49.87% 50.45% 50.90%
% may Migrate 34.64% 41.39% 43.13% 43.95%

requirements will closely match a centroid increases. Deperahe cost metric can be deemed the best. The result depends on
ing on the data used for clustering, the percentage of prodtis¢ data set and the number of packages the company wishes to
con gurations (customer orders) that may migrate varies cooffer.

siderably.

As shown in Tables IV-VIII, clustering with only code as the
cost metric produces the most product con gurations that ne@d
fewer than two option migrations. However, clustering on only 1) Sorting Algorithm: As the clustering algorithm groups
code also has the fewest product con gurations requiring a lgs®duct con gurations sold into clusters, each cluster has differ-
than$1000 price change in four of the ve tests. The latter leadent properties, e.g., size, option codes, and therefore, it presents
to the poorest performance in three of the ve tests performed. different value to the manufacturer as well as potential cus-

Clustering on code and price, price only, and weighted pricemers. One method to reduce the number of clusters is sort-
all perform best in at least one of the ve tests. Itis interesting iag. The key product-con guration evaluation metric de ned in
note that the cost metric that resulted in the highest percent&getion IV-B is the percentage of product con gurations that
of sales that “may migrate” also had the highest number of salegay migrate. This metric was used to sort the clusters generated
with less than 1000 price change. Because the best performirigy a clustering algorithm. The results produced by the sort-
cost metric is dependent on the number of desired clusters,ing algorithm are shown in Table IX. The minimum percentage

Reduction of the Number of Clusters
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TABLE VI
RESULTS FOR25 QLUSTERS

Code Only  Code and Price  Price Only  Weighted Code

# obs in cluster 6216 6216 6216 6216
% obs <= 2 option migrations 85.07% 70.87% 68.07% 73.60%
% obs match centroid 17.89% 13.26% 7.56% 16.57%
% obs < $1,000 price change 41.52% 51.25% 51.25% 52.72%
% may migrate 39.93% 43.95% 43.60% 45.33%
TABLE IX programming model. This approach allows to incorporate more

RESULTSPRODUCED BY THE SORTING ALGORITHM 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 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.

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

Min Z ri,i=1,...,m
of product con gurations classi ed as “may migrate” was set
at 35%. In some tests, sorting reduced the number of selected s-t. Zzixi/w —06=0i=1...,m
packages dramatically. It also shows that increasing the number )
of clusters may not always provide the best results. The tests Z”izi/w —0420:=1...,m
that selected the smallest number of clusters used less than 25 .
clusters formed. This can be partly attributed to the fact that Zyixi/w —03520,i=1....m
with more clusters, there are fewer product con gurations in zi=0,1,i=1...,m

each cluster. Therefore, more clusters must be selected to meet

the same criteria. If there is a known goal that must be met, tl)_fY%ﬁrex‘ |sgor tr}ez’tk; cluster.m IS trt'ﬁ numbsr of fcluslterstuh i
means that having more clusters will meet the goal, howevé,!"€ NUMDET of Sales recorq,ﬁ,_|s € humber ot sales tha
y migrate in theth cluster,z; is the number of sales with

it may exceed the goal. Exceeding the goal may be undesira@ X o in theth ol s is th ber of
because it increases the number of selected clusters. <2 option migrations in theth cluster, and Is the number o

Another advantage in using a small number of original clu ales with< $1000 price change in théth cluster. The results

ters is the impact on other metrics (see Table 1X). When usi m running this ”.‘Ode' on all tests are presented in .Table X.
the “code and price” as the metric for clustering with either 1 e results shown include tests that meet the constraints of the
or 10 clusters, 9 clusters are selected to obtain a rate of 3ga}gdel.
“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 The analysis of the results presented in Tables IX and X
case with 12 clusters from 25 original clusters. As some cushows that solving the models of Section V-B2) has resulted
tomers may choose to migrate to a package even if the criteinaless product con gurations than the number generated by
for the may migrate metric are not met, it is desirable to hatke sorting algorithm. As meeting the 35% of “may migrate,”
the percent less than 2 option migrations and percent less thndrich was not the binding constraint, the integer-programming
$1000 price change metrics at high levels as well. This showsodel resulted in more clusters being selected than the sorting
that more customers are close in some respects to the seleatgdrithm. In most cases, the model generated results that were
clusters. Having high values for these statistics is, thereforapre acceptable to the practitioners than the ones produced by
desirable. the sorting algorithm.

2) Integer-Programming Model: Another approach for the The number of clusters formed affects various metrics. For
selection (reducing the number) of clusters is an integeaxample, as the number of clusters increases, “may migrate”

VI. SUMMARY
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