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This paper presents a framework for finding optimal modules in a delayed product differentiation sce-
nario. Historical product sales data is utilized to estimate demand probability and customer preferences.
Then this information is used by a multiple-objective optimization model to form modules. An evolution-
ary computation approach is applied to solve the optimization model and find the Pareto-optimal solu-
tions. An industrial case study illustrates the ideas presented in the paper. The mean number of assembly
operations and expected pre-assembly costs are the two competing objectives that are optimized in the
case study. The mean number of assembly operations can be significantly reduced while incurring rela-
tively small increases in the expected pre-assembly cost.
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1. Introduction

In the last decade, manufacturing has been moving from mass
production to mass customization. The concept of developing
product families and modular architectures are of interest to man-
ufacturing companies in the quest to meet diverse customer
requirements while maintaining an economy of scale (Farrell and
Simpson, 2003).

In order to implement mass customization successfully, manu-
facturing companies have to balance their efforts through the life-
cycle of their products. Roughly speaking, a product life-cycle can
be divided into design and manufacturing. For each stage, different
techniques can be adopted to implement the mass customization
strategy. For example, during the design stage, modular design
and product family concepts are widely used (Fujita and Yoshida,
2004; Huang and Kusiak, 1998; Jiao and Tseng, 1999; Kreng and
Lee, 2004; Kusiak and Huang, 1996; Yigit et al., 2002). Basic ideas
are to provide diverse products with low technical varieties. Differ-
ent products can be easily obtained by different combinations of
modules.

During manufacturing stage, commonality, postponement (Ma
et al., 2002; Swaminathan and Tayur, 1999) are important methods
for managing product diversity and maintaining low manufactur-
ing costs. However manufacturing performance can still be af-
fected by product variety (MacDuffie et al., 1996) especially
when customer orders are so diverse. Fu et al. (2006) studied the
inventory and production decisions for a single product with
ll rights reserved.
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uncertain demand and assembly capacity. Lee and Tang (1997)
considered the benefits and costs of the delayed differentiation
strategy for two products. Hsu and Wang (2004) presented a dy-
namic programming model for determining the delayed differenti-
ation point in a multi-stage production system. Jewkes and Alfa
(2008) used a queueing model to analyze the benefits of delayed
differentiation. Gunasekaran and Ngai (2009) reviewed models of
make-to-order supply chain. Gupta and Benjaafar (2004) studied
the trade-offs between the delayed differentiation, make-to-order,
and make-to-stock strategies in the context of a multi-stage
assembly system with limited production capacity. These re-
searches provide insights into the manufacturing process under
different configurations.

Most research literatures are focused on modular product de-
sign or product family design. But in order to improve manufactur-
ing performance, such as delivery time, more researches are
needed to develop new techniques to support mass customization
in manufacturing stage.

Once a product is designed, it is ready to be manufactured and
assembled according to customer orders. Internet-based configura-
tion systems have been gaining popularity in recent years. Custom-
ers are able to configure products by selecting desired features,
which result in many unique configurations. Maintaining a large
number of different product configurations increases production
complexity and extends delivery lead time (Da Cunha et al.,
2007; Swaminathan and Tayur, 1998). To shorten the lead time,
companies may follow a delayed differentiation strategy. The de-
layed differentiation strategy is a compromise between MTO
(make-to-order) and MTS (make-to-stock) strategies (Gupta and
Benjaafar, 2004; Swaminathan and Tayur, 1999, 1998). Following
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the MTO strategy, a company assembles a final product only when
a customer order arrives. In the MTS strategy, a company pre-
assembles a set of complete products, and once a customer order
arrives, the company will search the pre-assembled products. If a
match is found, the product is shipped; otherwise, the customer
order is assembled from the basic components. In the delayed dif-
ferentiation strategy, maintaining a set of pre-assembled modules
(sub-assemblies or semi-finished products) shortens the final
assembly time (Da Cunha et al., 2007; Swaminathan and Tayur,
1998). Once a customer order arrives, the modules needed to
assemble a product are retrieved. Then additional components
may be assembled with the retrieved modules, if necessary, to
make a complete product. Thus customer satisfaction is improved
by reducing final assembly time.

Jiao and Zhang (2004) applied a genetic algorithm to solve a
product portfolio optimization problem for generating complete
product configurations. However finding semi-finished products
is of interest for the manufacturing company. Determining a set
of modules to be pre-assembled and stocked is a complex optimi-
zation problem (Da Cunha et al., 2007; Fu et al., 2006; Jiao and
Zhang, 2004; Kusiak and Huang, 1996; Swaminathan and Tayur,
1998) in which multiple costs have to be considered and balanced.
Da Cunha et al. (2007) developed a linear cost function and heuris-
tic algorithms to find the optimal module combinations that could
reduce the mean number of assembly operations. Swaminathan
and Tayur (1998) developed an optimization model to determine
inventory levels for the modules they selected under variable de-
mand and fixed assembly capacity.

This paper extends and combined the concepts discussed in the
literature (e.g. Da Cunha et al., 2007; Swaminathan and Tayur,
1998), by finding optimal modules for a product family described
by a set of attributes, where each attribute is associated with a
set of components. A multi-objective function is used to find a
solution minimizing the mean number of assembly operations
and expected pre-assembly cost simultaneously. The optimal solu-
tions considered in this research are semi-finished products. Com-
pared with previous research (Da Cunha et al., 2007), this
optimization framework allows users to simultaneously consider
multiple cost functions. There is no need to assign a weight for
each cost component. In contrast to Swaminathan and Tayur
(1998), the proposed solution is more focused on the selection of
modules by using historical sales data. Mean assembly time and
pre-assembly costs are considered to derive the modules.

This paper is organized in six sections. Section 2 formulates the
multi-objective optimization problem. An evolutionary computa-
tion algorithm for finding Pareto-optimal solutions is introduced
in Section 3. Section 4 discusses the incorporation of historical
sales data into the model formulated in Section 2. The three objec-
tives to be achieved are addressed in Section 5. Section 6 discusses
an industrial case study based on a truck data set.
2. Problem formulation

A product can be described by a set of attributes (features). Each
attribute usually represents a set of components (e.g., a sub-assem-
bly) which the customer selects to create his or her desired config-
uration. Unlike previous research (Da Cunha et al., 2007;
Swaminathan and Tayur, 1998), their configuration (a complete
product) is described by a set of components. Each configuration
is determined by binary choices, a component is either selected
or not selected to be in the configuration.

Definition 1. A product is described by n attributes. Each attribute
Ai (i = 1, . . .,n) is a set of nAi

components. Ai(j) is the jth component
of Ai, j ¼ 1; . . . ;nAi

.

Based on Definition 1, the following relationships are
established:

(a) In the absence of assembly constraints among the compo-
nents, there are

Qn
i¼1nAi

unique configurations.
(b) A module could be a single component, a partial configura-

tion, or a complete configuration. There are totalQn
i¼1ðnAi

þ 1Þ � 1 unique modules in a product.
(c) The set of modules with only one component is expressed asSn

i¼1Ai.
(d) The set of modules with two components is expressed asSn

i¼1;j¼1;i–jAi � Aj.
(e) The set of modules with three components is expressed asSn

i¼1;j¼1;k¼1;i–j–kAi � Aj � Ak.
(f) The set of all complete configurations is expressed as

A1 � � � � � An.
Definition 2. A module Mi i ¼ 1; . . . ;
Qn

i¼1ðnAi
þ 1Þ � 1

� �
is a set of

components drawn from different attributes.

There are two questions to be answered here. Which modules
should be selected and assembled first? What are the inventory
levels of these modules? There are numerous answers to these
two questions depending on users’ preferences. In this paper, the
selected modules should have the ability to form a certain number
of unique product configurations. In other words, most customer
orders can be assembled from these modules. As we all know,
assembling those modules costs a manufacturing company in
terms of additional inventory and pre-assembly operations. Thus
selecting those modules should also consider these costs.

The ultimate goal of forming these modules is to reduce the fi-
nal assembly time and deliver products fast to customers. Besides,
knowing these modules can help the company utilize its under-
used manufacturing resources by avoiding waiting for customer
orders.

Definition 3. Let M be a set of modules selected fromQn
i¼1ðnAi

þ 1Þ � 1 unique modules. M(i) is the ith element of set
M, i = 1, . . .,nM. M(i) could be regarded as a set of components from
different attributes.

Based on the previous definitions, the optimal set of modules
can be determined by solving an optimization problem with mul-
ti-objectives. Without loss of generality, it is assumed that there
are g objectives to be minimized, i.e., y1, . . .,yg. Model (1) states that
the optimal set of modules should minimize the g objective func-
tions while satisfying all constraints:

min
M
fy1; y2; . . . ; ygg

s:t: Constraints:
ð1Þ

The overall solution presented in this paper can be described as
following steps:

1. Analyze historical sales data to estimate customer demand
information and preferences.

2. Formulate different objective functions (cost functions) and
constraints which the selected modules will optimize.

3. Use multi-objective evolutionary algorithms to solve the opti-
mization problem.

Historical sales data contains important information about cus-
tomer demand and preferences. For example, knowing which con-
figurations (finished complete product) are frequently purchased
by customers will help identify those semi-finished products. As
a result, the final assembly time of complete products ordered by
customers will be decreased.



Z. Song, A. Kusiak / European Journal of Operational Research 201 (2010) 123–128 125
Once historical sales data is analyzed, different cost functions
and constraints can be formulated based on domain knowledge
and application requirements. Then the optimization model is
solved by multi-objective evolutionary algorithms to find those
modules satisfying Pareto-optimal definitions.
3. Evolutionary algorithms and Pareto-optimal solutions

Optimization model (1) is a multi-objective optimization prob-
lem and it may have a set of optimal solutions. Before solving mod-
el (1), several definitions of Pareto-optimal solutions are restated
for consistency with the definitions introduced in this paper. Based
on the definition of Pareto-optimality, heuristic algorithms can be
designed to derive the solutions.

Definition 4. Let M1 and M2 be two solutions of model (1);
solution M1 dominates solution M2, if and only if: "i 2 {1, . . .,g},
yi(M1) 6 yi(M2); $i 2 {1, . . .,g} yi(M1) < yi(M2). Solutions which are
not dominated by any other solutions in the entire search space are
called non-dominated solutions.

Non-dominated solutions of model (1) are called Pareto-opti-
mal and form a Pareto-optimal set. The corresponding objective val-
ues of the Pareto-optimal solutions form a Pareto-optimal front.

An evolutionary computation approach has proven to be an
effective technique to solve multi-objective optimization problems
(Deb, 2001). To solve model (1) by an evolutionary algorithm, solu-
tion M is encoded into a binary vector with

Qn
i¼1ðnAi

þ 1Þ � 1 en-
tries (genes) (Da Cunha et al., 2007). Each entry ‘‘1” denotes the
presence of a module; ‘‘0” indicates the absence of a module. Recall
that all modules are numbered from 1 to

Qn
i¼1ðnAi

þ 1Þ � 1.
If M(1) = 1, module M1 exists in the solution. If M(1) = 0, module

M1 does not exist in the solution. The number of modules in solu-

tion M is expressed as
PQn

i¼1
ðnAi
þ1Þ�1

i¼1 MðiÞ.
Once the solution is encoded by a binary vector, an evolutionary

algorithm can be used to solve model (1) (Eiben and Smith, 2003).
The basic operators of an evolutionary computation algorithm are:

� mutation;
� recombination;
� selection.
Mutation

One common mutation scheme for binary encoding is bitwise
mutation, which allows each entry to flip (i.e., from 1 to 0 or 0 to
1) with some small probability pmu.

Recombination

Two parent solutions are selected to generate a child. In this pa-
per the uniform crossover operator is used to recombine two par-
ents. Uniform crossover is implemented by generatingQn

i¼1ðnAi
þ 1Þ � 1 random numbers from the uniform distribution

[0,1]. For each gene, if the random value is smaller that a parame-
ter pcross (usually 0.5), the gene is inherited from the first parent,
otherwise from the second.

Selection

Tournament selection (Eiben and Smith, 2003) with replace-
ment is used in this paper to select promising individuals going
into the next generation. The tournament size k is a predefined
parameter to control the selection pressure.
3.1. The strength Pareto evolutionary algorithm (SPEA) (Zitzler and
Thiele, 1999)

In this paper, a multi-objective evolutionary algorithm called
SPEA is used as a basic algorithm to solve the optimization prob-
lem. The basic steps of SPEA are shown next.

The SPEA algorithm (Zitzler and Thiele, 1999)

1: Initialize three empty sets P, O and E. Randomly generate k
feasible individuals (solutions) to form the initial children
population and place them in O.

2: Repeat until the stopping criterion is satisfied.

2.1: Find non-dominated solutions in O and copy them

into E. Remove dominated solutions in E. Reduce the
size of E by clustering if necessary.

2.2: Fitness assignment: assign fitness to individuals in O
and E.

2.3: Selection: use tournament selection to select individ-
uals from O [ E and store them in P.

2.4: Recombination: generate a new population O by
selecting two parents in P.

2.5: Mutation: mutate the individuals in O.
2.6: Assign fitness to the individuals in O.
4. Sales data to estimate demand information

Analysis of the historical sales data may allow future configura-
tions and customer preferences to be predicted. Assume the infor-
mation considered in the three definitions presented next is
available at the beginning of a selling period. Based on this infor-
mation, the optimization knows which modules are important
for reducing final assembly time, which modules will cause more
pre-assembly costs.

Definition 5. Let xD be a random variable of product demand
following probability density function f.

Knowing the product demand information is important for
planning inventory levels of the modules. Demand information is
also needed for finding optimal modules. For example, modules
with high demand should be considered and assembled first as
they are important to reduce the expected final assembly time over
all customer orders.

Definition 6. Let C be a subset of A1 � � � � � An, i.e.,
C � A1 � � � � � An. C is a set of predicted complete configurations
the customers will purchase. C(i) is the ith element of set C,
i = 1, . . .,nC. C(i) could be regarded as a set composed of components
from different attributes.

Although the manufacturer could produce
Qn

i¼1nAi
complete

configurations, only a small portion of the total portfolio is sold
during each period. Finding optimal modules for the total portfolio
makes little sense, as many configurations are not going to be sold.
Thus optimization guided by C may generate more practical
results.

Definition 7. Let xAi
be a discrete random variable whose value

assumes any component of Ai. Let pðxA1 ; . . . ; xAn Þ be the joint
probability mass function of the random variables ðxA1 ; . . . ; xAn Þ.

The joint distribution can be estimated from historical sales
data. For a complete configuration C(i), the demand probability is
p(C(i)), and it is assumed that

P
CðiÞ2CpðCðiÞÞ ¼ 1. In other words,

configurations not defined in C have zero demand probability.
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5. Objectives for mining Pareto-optimal modules

Three different objectives of determining optimal modules are
considered to illustrate the ideas presented in this paper. Intui-
tively the optimal modules should allow to construct certain num-
ber of complete product configurations to satisfy the customer
preferences. Generally speaking, mean number of assembly opera-
tions and expected pre-assembly costs are two major competing
objectives and thus it is interesting to show how they compete
with each other during the optimization process. However, there
are other objectives that could be considered for various industrial
applications. For example, penalty costs due to customer waiting
can be considered. Transportation and inventory costs could be
used as potential objectives.

Objective 1: A certain percentage of unique complete configu-
rations in C could be assembled from solution M.

A configuration C(i) can be obtained from solution M, if and only
if, there exists a subset m of M. The intersection of any two ele-
ments in the subset is an empty set, and the union of all elements
in the subset is equal to C(i), i.e., $m # M, with m(k) \m(j) = ;,
"m(k), m(j) 2m, k – j, and

Snm
j¼1mðjÞ ¼ CðiÞ. The number of assem-

bly operations needed to form C(i) from m is |m| � 1. Although
there are many potential subsets of M, in this paper m is selected
to form C(i) with the minimum assembly operation. Minimum
assembly operations equal the minimum |m|, where |�| is the cardi-
nality operator of a set.

Algorithm 1. Determine subset m with minimum assembly oper-
ations for configuration C(i).

1: Arrange elements of M in descending order based on the
cardinality.

2: Set start = 1;
3: DO
3.1: Let C(i) be the ith complete configuration in C, empty
m.

3.2: FOR j = start to nM

IF M(j) # C(i), THEN add M(j) into m in descending cardi-
nality order, and let C(i) = C(i) �M(j).
3.3: END FOR
3.4: IF C(i) = ;, THEN stop, output m;
3.5: ELSE IF m is not empty, THEN let start be m(1)’s index

in M plus 1, ELSE let start = start + 1.
3.6: WHILE start 6 nM.
4: IF C(i) – ;, THEN let m = ;, which implies that no solution
exists.
Algorithm 1 is a greedy heuristic finding subset m, which is sim-
ilar to the concept presented in Chvatal (1979). If Algorithm 1 can-
not output m, C(i) cannot be assembled from solution M. The
computational complexity of Algorithm 1 is primarily determined
by nM and n. In the worst scenario, Algorithm’s 1 computational
complexity is O(nMn2). Although configurations in C may cover
most customer orders, it is possible that a new customer configu-
ration may emerge during the selling period. In order to make sure
that all possible configurations can be assembled from the solution,
all components of the attributes are incorporated into the solution.
In other words, Ai(j) must exist in solution M, for j ¼ 1; . . . ;nAi

,
i = 1, . . .,n. Another benefit of adding Ai(j) into the solution is that
the computational complexity of Algorithm 1 will be significantly
reduced.

Objective 2: Mean number of assembly operations of a com-
plete configuration from solution M.

Definition 8. For module set M, mC(i) is a subset of M by which C(i)
can be assembled, C(i) 2 C. If mC(i) is an empty set, C(i) cannot be
obtained from M, and the number of assembly operations is
defined as infinity1. If all configurations in C are obtainable from
M, the mean number of assembly operations is defined asP

CðiÞ2CðjmCðiÞj � 1ÞpðCðiÞÞ.

If a configuration is directly assembled from the components of
attributes, the number of assembly operations is n � 1. Thus the
mean number of assembly operations can be scaled asP

CðiÞ2C
jmCðiÞ j�1

n�1 pðCðiÞÞ.
Objective 3: Expected pre-assembly cost.
Once the solution M is fixed, the inventory level of each module

in M can be determined based on the demand xD. Thus there is a
pre-assembly cost related with solution M.

Definition 9. Let hM(j) be the pre-assembly cost of module M(j),
qM(j) be the inventory level of M(j).

Here hM(j) is assumed to be proportional to some functional
form of the number of components in M(j). Different functions
can be used, for example, hM(j) could be proportional to e|M(j)|, or
|M(j)|2.

It is assumed that C(i) can be obtained from M. The demand of
C(i) is xDp(C(i)). Thus the demand of M(j) can be calculated fromPnC

i¼1fxDpðCðiÞÞ : MðjÞ 2mCðiÞg. To satisfy all customer demands,
qM(j) has to be equal to

PnC
i¼1fxDpðCðiÞÞ : MðjÞ 2mCðiÞg. Thus the

pre-assembly cost is calculated as
PnM

j¼1fhMðjÞqMðjÞg. Since xD is a
random variable, the expected pre-assembly cost is

E
PnM

j¼1 hMðjÞqMðjÞ

n o� �
.

To illustrate the concepts, two extreme cases are considered. In
the first case, M equals

Sn
i¼1Ai. In this case all configurations are to

be assembled from the components, which is the make-to-order
(MTO) scenario. The mean number of assembly operations of a
configuration is

P
CðiÞ2Cðn� 1ÞpðCðiÞÞ ¼ n� 1. Since all modules in

M are components, mC(i) is essentially equivalent to C(i). Thus
qM(j) is calculated from xDp(M(j)). In this paper hM(j) is assumed
to be proportional to an exponential function of the number of
components in M(j), i.e., hM(j) / e|M(j)|. Module M(j) with more com-
ponents calls for a greater assembly effort that translates into more
space and storage space, and implies a higher risk once customer
needs fluctuate. Note that in real applications the pre-assembly
cost function need to be defined accordingly.

The expected pre-assembly cost is E
PnM

j¼1exDpðMðjÞÞ
� �

¼ E exD
Pn

i¼1

PnAi
j¼1pðAiðjÞÞ

� �
¼ neEðxDÞ, where

PnAi
j¼1pðAiðjÞÞ should be

equal to 1.
The second scenario is the make-to-stock (MTS), where all con-

figurations are assembled first. M in this case is equal to C. The
mean number of assembly operations of a configuration is 0 since
all configurations have already been assembled. The expected pre-
assembly cost is E

PnC
i¼1fenxDpðCðiÞÞg

� �
¼ enEðxDÞ. MTS usually in-

curs more risks compared to MTO.

Observation 1. If hM(j) is proportional to the number of compo-
nents in M(j), i.e., hM(j) / |M(j)|, the expected pre-assembly costs of
MTO and MTS are equal.

It is easy to see that Objectives 2 and 3 are competing with each
other. In a delayed differentiation system, the mean number of
assembly operations is reduced by stocking a certain number of
modules, which increases the pre-assembly cost. Based on these
three objectives, model (1) is instantiated as model (2).

min
M
fy2; y3g

s:t: y1 ¼ 1:
ð2Þ

In model (2), y2 denotes Objective 2, the mean number of assembly
operations of a configuration. y3 represents Objective 3, the
expected pre-assembly cost, and y1 represents Objective 1. To
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facilitate the discussion of the optimization results, Objective 1 is
purposely considered as the constraint. y1 = 1 requires that solu-
tions be able to form all configurations in C.

6. Industrial case study

To illustrate the ideas introduced in this paper, a data set for
trucks is used. The truck manufacturer is interested in reducing
product complexity due to diverse customer orders. The manufac-
turer has focused on identifying complete product configurations
to cover different customer segmentations. A set of predefined con-
figurations, marketing strategies are used to steer customers to
purchase the predefined configurations. Thus the number of un-
ique customer orders decreases, and production complexity is re-
duced. The next level of mass customization is to use the
assemble-to-order concept. The Pareto-optimal modules allow
the company to analyze the trade-offs between the pre-assembly
and the final assembly time and cost.

Table 1 shows that there are nine major attributes considered in
this paper (i.e., n = 9). There are a total of

Q9
i¼1nAi

¼ 34;020 unique
configurations with no assembly constraints. There are a total ofQ9

i¼1ðnAi
þ 1Þ � 1 ¼ 442;367 unique modules. Based on the histor-

ical sales data, the expected annual demand E(xD) for the trucks is
1317. There are 292 unique configurations in C, and each configu-
ration is associated with a demand probability calculated from the
historical sales data.

The mean number of assembly operations and the expected
pre-assembly cost for the MTO strategy are 8 and 32,219.79,
respectively. For the MTS strategy, the mean number of assembly
operations and the expected pre-assembly cost are 0 and
10,671,761.53.

Before performing computational experiments, some parame-
ters of the evolutionary computation need to be fixed. Default val-
ues of the SPEA parameters are as follows: mutation probability is
0.0001, l = 20, k = 120, tournament size k = 4, pcross = 0.5. Some of
these parameters will be changed in other experiments to observe
their impact on the final solutions. In each figure to follow, the hor-
izontal axis is the mean number of assembly operations, and the
vertical axis is the expected pre-assembly cost.

The ratio between the parent size and the offspring size (i.e., l/
k) is an important parameter in SPEA. In the experiments leading to
Fig. 1, all parameters were fixed, while the ratio l/k changed. Based
on Fig. 1, it is easy to see that the mean number of assembly oper-
ations and expected pre-assembly cost are competing objectives.
The values of l = 20, k = 80 resulted in a limited number of Pare-
to-optimal solutions. For l = 20, k = 120 more Pareto-optimal solu-
tions were found and with a lower mean number of assembly
operations and expected pre-assembly cost compared to the solu-
tions generated from l = 20, k = 80. Based on Fig. 1, the best ratio
found was l = 20, k = 120, i.e., l/k = 1/6.

The initial population size is another interesting parameter in
SPEA. In this paper, different population sizes were evaluated while
Table 1
Description of product attributes.

Attribute Description Number of components

A1 Operator station 3
A2 AMS 3
A3 Comfort package 2
A4 Remote cylinder control 3
A5 Power take-off 3
A6 Hitch quick coupler and drawbar 5
A7 Hydraulic pump 2
A8 Rear axles 7
A9 Front axles 3
establishing l/k = 1/6 and other parameters. Fig. 2 shows that
increasing the population size enlarges the solution space and pro-
duces better quality solutions. However, increasing the population
size significantly increases the computational time.

Mutation probability is interesting to investigate. After estab-
lishing l/k = 20/120 and other parameters, different values of the
mutation probability are used. Based on Fig. 3, when pmu is in-
creased, the algorithm finds more diverse solutions. However,
when pmu = 0.00025 or pmu = 0.0003, in areas where the mean
number of assembly operations is between 4 and 5 (as shown in
Fig. 3), the algorithm tends to find worse solutions than for
pmu = 0.0002 or pmu = 0.00015.

Computational experiments have been performed for different
values of the tournament size k = 2, 4, 6, 8, 10 with other parame-
ters at default values. Based on Fig. 4, k = 4 or k = 6 appear to be
good choices. The solutions for k = 8 or k = 10 are of lower quality
around areas where the mean number of assembly operations is
between 4 and 5.5.
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Based on previous experiments, the algorithm parameters are
heuristically fixed at pmu = 0.00015, l = 100, k = 600, k = 4,
pcross = 0.5. Then, the next-period sales data is used to evaluate
the Pareto-optimal solutions obtained by solving the optimization
model. This sales data reflects the actual demand information and
configurations ordered by customers. The objective is to evaluate
whether the Pareto-optimal solutions mined from previous sales
data are still valid in the next-period. Let M* be the optimal solu-
tion generated by solving model (2) based on C and the demand
probabilities of each configuration in C. Suppose the next-period
sales data is available and the unique configurations sold are in
Ctest. There are a total of 1271 configurations sold in this test data.
The demand probability of each unique configuration p(C(i)) is the
ratio of the actual demand DC(i) of this configuration over the total
demand of 1217.

For each Pareto-optimal solution M*, the mean number of
assembly operations for the configurations in Ctest is computed
from

P
CðiÞ2Ctest

ðjm�
CðiÞj � 1ÞpðCðiÞÞ, where m�

CðiÞ is a subset of M* from
which C(i) can be assembled. m�

CðiÞ is determined by Algorithm 1.
The expected pre-assembly cost of the test data set is

E
PnM�

j¼1 hM�ðjÞqM�ðjÞ

n o� �
, where hM�ðjÞ ¼ ejM

�ðjÞj, E qM�ðjÞ

� �
¼
PnCtest

i¼1

DCðiÞ : M�ðjÞ 2m�
CðiÞ

n o
. Fig. 5 shows that Pareto-optimal solutions

are still valid for the test data set with some small degradation.
In other words, it is feasible to mine the Pareto-optimal modules
from the previous sales data and use them in the next selling
period.

7. Conclusion

A general framework of mining Pareto-optimal modules from
historical sales data was presented in this paper. Using an evolu-
tionary computation algorithm allows modules to be selected
based on multi-objective criteria. The Pareto-optimal solutions of-
fer opportunities to select the desired solutions based on domain
knowledge. An industrial data set was used to illustrate the ideas
presented in this paper, with the mean number of assembly oper-
ations and expected pre-assembly cost optimized simultaneously.
Since the proposed method is data-driven, the efficacy of the Par-
eto-optimal solutions depends on the predicted demand informa-
tion and customer preferences assigned to the configurations. A
reliable estimation of the demand and preference information is
critical in applying the proposed approach. The optimization model
presented in this paper can be further extended by considering the
assembly capacity or the optimal initial inventory level for each
module.

Future research could focus on other representations of the
individuals in the evolutionary algorithm to improve the efficiency
of the algorithm.
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