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Abstract: Mass customization results in proliferation of products and the corresponding routings. It thus necessitates a 
coordination issue regarding product and process variety. In addition to coping with product and process variety 
individually, the linchpin of variety coordination lies in the mapping relationships between the product and process 
domains. Due to the unstructured nature inherent in product and process variety mapping, it is difficult to coordinate 
product differentiation and process variation while leveraging product families upon consistent process platforms. Taking 
advantage of knowledge discovery from historical data, this paper proposes a systematic data mining approach to 
coordinating product and process variety. In the approach, product and process variety are handled in their individual 
domains by clustering products and routings into families. The mapping relationships in between are addressed through 
association rule mining. The potential of the proposed approach is illustrated through a case study of vibration motor mass 
customization. The performance of the data mining approach is evaluated based on sensitivity analysis.   
 
 

1. INTRODUCTION 
 
Manufacturers are faced with the design and production requirements from a high number of customer that introduces 
product variety. However, manufacturers can gain more competitive edges through offering a variety of customized 
products. On the other hand, overpursuit of individualized products often results in uncontrolled product proliferation, 
which not only confuses customers, but also increases product development cost and lead time. Product variety in the 
design domain originates from design specification changes to fulfill diverse customer needs. To produce product variety, 
an increased number of product changeovers in the production processes or routings (referred to as process variety), such as 
the changes of machines, tools, fixtures, setups, and production line layout, are observed on the shop floor. Unlike product 
variety, process variety in the process domain is always the source of prolonged production lead times, increased 
production cost, and deteriorated product quality due to the enormous variations in production. In manufacturing practice, 
production related to process variety are caused by design specification changes in product variety. 

Affecting both the delivery of customized products and the achievement of low costs and short lead times, product and 
process variety are the major concerns in mass customization per se. Hence, the success of mass customization raises the 
importance in managing product and process variety and thus design and production. Taking into account the connections 
between product variety and process variety, the expected variety management can not only deal with two kinds of variety 
in their individual domains but it also addresses the correspondence in between these varieties. As a matter of fact, these 
correspondences are very important for manufacturers to make right planning decision so as to minimize production 
changeovers, and thus maintain a stable production. 

In tackling product variety, a number of researchers have reported their approaches and methodologies, e.g., Ulrich 
(1995), Fisher et al., (1999), Meyer and Lehnerd (1997). Similarly, authors have addressed process variety management 
(Berry and Cooper, 1999; Buzacott, 1999; Lee and Tang, 1998). All the above work, handle product and process variety 
separately in their own domains (i.e., product variety in the design domain and process variety in the process domain) 
without considering the correlations and impacts in between. Although some work, e.g., (Jiao et al., 2005a; 2005b), 
proposed integrated framework to address product and process integration, the technical details in terms of how to achieve 
the integration were not provided. 

Towards the end, this paper proposed a data mining approach to coordinating product and process variety for the 
success of mass customization. In the approach not only product and process variety are managed in their respective design 
and process domain, but also the mapping relationships in between are addressed.         
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2. OVERVIEW OF VARIETY COORDINATION APPROACH 
 

Current design practice, e.g., variant design, enables a number of customized products to possess similar and/or same 
features, systems and components. These tailored products are designed to target customers in the same market segments 
and perform the same basic functionalities. Accordingly, different families, each of which is a collection of similar products 
can be distinguished in a manufacturer’s databases. The basic functionalities imply a common product structure that is 
assumed by all variants in the family (Du et al., 2001). Thus, managing product variety involves the clustering of similar 
products into families and the construction of the common product structure that is same to all product variants in the 
family. 

In spite of production variations in process variety, product similarity and commonality renders similar or exactly the 
same process elements in their routings. As a consequence, routings of products in a family are similar or same to one 
another. Similar to the generic product structure of a product family, a generic process structure exists and is assumed by all 
routings of products in the family. Process variety management encompasses the clustering of routings into families and the 
construction of generic process structures for each process family. 

Because products are built from terms, may they be parts or assemblies, the tackling of mapping relationships in 
between product and process variety is carried out on the basis of item families. To discover the hidden yet potential 
associations behind enormous product and process data, association rule mining technique is adopted. Each time, the 
mining technique is applied to an item family and the discovered association rules are applicable to this family only. Figure 
1 gives an overview of the proposed approach for coordinating product and process variety.  

 
 

 
 

Figure 1. Variety Coordination in the Proposed Approach  
 
 

3. COORDINATING PRODUCT AND PROCESS VARIETY 
 
 
3.1 Managing Product Variety 
 
In product variety management, three steps are involved to cluster given products into families and establish the 
corresponding generic product structures as well. 

Step 1: Product similarity measure. Product similarity indicates the proximity of products: how similar the products 
are. Allocating products into their families should be based on the similarity of products. In order to measure product 
similarity, each product is decomposed into a number of assemblies and parts. Product similarity is thus measured based on 
the similarity of their child components. Since parts are located at the lowest levels of the product structure and cannot be 
decomposed further, measuring child component similarity begins with parts. The text mining procedure in Jiao et al. 
(2005b) is adopted to measure part similarity. The results are a number of part similarity matrices, each of which documents 
the pairwise similarity of parts of same types. The part similarity matrices are used for further computing assembly 
(including product) similarity. Assembly similarity is calculated based on the similarity of their child components at the 
immediate lower level. Thus, to reduce calculation complexity, assembly similarity measure is performed from the lower 
level of a product tree structure. In other words, the calculation starts from such assemblies that are parents of parts whose 
similarity measure has been obtained. Then assembly similarity measure is calculated in the higher levels progressively till 
the final product at the top level. The weighted bipartite matching method introduced by Romanowski and Nagi (2004) can 
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be used to calculate assembly similarity. The final calculation results are a product similarity matrix, a number of assembly 
families and the corresponding assembly similarity matrices.  

Step 2: Product family clustering. Based on the obtained product similarity matrix, similar products, i.e., products 
have higher similarity values, are clustered into same families, dissimilar products into different families. The fuzzy 
clustering approach discussed in (Jiao et al., 2005b) can be used to cluster products into families. The clustering results are 
a number of product families along with their members. 

Step 3: Generic product structure construction. Using the concept of generic representation and the indirect 
identification of items (Hegge, 1992), all specific product data, including end products, assemblies, parts, design 
parameters, and value instances that belong to the same family, are incorporated into a single structure, i.e., the generic 
product structure. The tree unification algorithm in (Romanowski and Nagi, 2004) can be used to generate generic product 
structures for identified product families. Besides the generic structure, the unification result also includes a constraint set, 
which holds the alternate parent-child pairs together with their occurrence frequencies. 

 
 

3.2 Managing Process Variety 
 
Managing process variety can be achieved by clustering routings into families and constructing the underlying generic 
process structures.  

Step 1: Process family grouping. Rather than measure routing similarity and then clustering routings based on the 
similarity result, routings can be distributed directly into families by referring to corresponding product families, that is, 
routings of products in a family are grouped together to form the process family.  

Step 2: Generic process structure construction. Similar to a generic product structure, a generic process structure 
underlies all routings for producing a product family. Each node in it denotes a generic operation and is described by other 
generic process elements, such as a generic machine and generic fixtures. The instantiation of these generic process 
elements together with some necessary modifications leads to a particular routing, such that changeovers to existing 
processes on the shop floor are as fewer as possible line. To establish generic process structures, the approach in (Jiao et al., 
2005b) can be used.  
 
 
3.3 Mining Associations between Product and Process Variety 
 
While product and process variety management focuses on handling changes, variations and modifications in the product 
and process domains individually, correspondences in between have not been addressed. Association rule mining 
techniques can be used to tackle the correspondences through mining the implicit yet potential associations between 
product and process variety. Unlike a transaction database (TDB) in the traditional association rule mining contains items 
belonging to the same domain, items in a TDB in the proposed approach are from two different domains (i.e., the product 
and process domains), in that the intention of this research is to discover the associations between the two domains rather 
than interrelations in any single one domain. A transaction (T) in the TDB of an item family corresponds to a particular item 
variant, may it be a part or an assembly. Because parts and assemblies are described differently, i.e., design parameter value 
pairs for parts and child items for assemblies, the association rule mining for parts and assemblies is approached differently 
with the same procedure discussed below. 

Step 1: Data preprocessing. This step attempts to preprocess raw data into the proper format so that association rule 
mining techniques can work on. The raw data should be processed based on the identified product and process families and 
each TDB is prepared for each item family. In a TDB for a family of a type P part, a T relates to a part variant, N,,1ip*

i L=∀ . 
The total number of Ts in the TDB is thus the same as that of part variants in the family. The product related items in a  
are a list of design parameter values pairs of the associated , i.e., 

iT
*
ip { }

nmtsi VP~N,,1iT
×

=∀ L , where  represents the t-th 
value instance of the s-th design parameter assumed by , m is the total number of parameters in the family P, n is the 
total number of possible value instances of the s-th parameter with 

tsVP
*
ip

Nn ≤ . The process data of a part include the set of 
operations (Os), machines (Ms), tools (Ts), and fixtures (Fs). Therefore, the process related items in a  are formulated as: iT

{ } { } { } { }pspspspsi FTMO~N,,1iT ×××=∀ L , where p is the total number of operations for producing . *
ip

An assembly is formed by joining several child items, either of parts, assemblies, or the combination of two. An 
assembly variant, M,,1ia*

i L=∀ , of type A differs from one another in their unique configuration of child items. Thus, 
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product related items in a  in the TDB of the family A relates to child items of the corresponding assembly 
variant

iT

M,,1ia*
i L=∀ , i.e., { }

FEyxi VCI~M,,1iT
×

=∀ L , where  represents the y-th variant of the x-th type child item, E is 
the total number of child item types in the family A, and F is the total number of item variants of the x-th type. The process 
related item of  are formulated as 

yxVCI

iT { } { } { } { }qtqtqtqti FTMO~M,,1iT ×××=∀ L , where q is the total number of assembly 

operations for producing M,,1ia*
i L=∀ . Table 1 gives an illustration of TDBs for a part family and an assembly family, 

respectively.  
 
 

Table 1. TDBs of Item families  
 

(a) TDB of a part family (b) TDB of an assembly family 
ID Trans-

action 
Items (product; process) ID Trans-

action 
Items (product; process) 

T1 1P  }{ 33332222111164133211 F,T,M,OT,F,T,M,OT,F,T,M,OT;VP,VP,VP,VP  T1 1A  }{ 222111116241321 T,M,OT,F,T,M,OT;VCI,VCI,VCI,VCI  

T2 2P  }{ 44442222111164131221 F,T,M,OT,F,T,M,OT,F,T,M,OT;VP,VP,VP,VP  T2 2A  { }33332222111134132221 F,T,M,OT,F,T,M,OT,F,T,M,OT;VCI,VCI,VCI,VCI

 
T3 3P  }{ 3333111124233211 F,T,M,OT,F,T,M,OT;VP,VP,VP,VP  T3 3A  }{ 33331111162211 F,T,M,OT,F,T,M,OT;VCI,VCI,VCI  

T4 4P  { }333322214433241 F,T,M,OT,F,T,M,OT;VP,VP,VP,VP  T4 4A  }{ 2221111441341 T,M,OT,F,T,M,OT;VCI,VCI,VCI  

 
Step 2: Mining association rules. The association rule mining technique is applied to the TDBs prepared in the above 

step to uncover associations. The inclusion of data from two domains in a TDB leads to the below general form of 
association rules for an item family: [ ]%c%,sBA ConfidenceSupport ==⇒ , where in mining part TDBs,  

{ } ny,,1j,mx,,1iVPA
yxji ≤=≤=∀=

×
LL , in mining assembly TDBs, { } Fy,,1j,Ex,,1iVCIA

yxji ≤=≤=∀=
×

LL , in both cases, 

{ } { } { } { } d,,1t,c,,1s,b,,1j,a,,1iFTMOB dtcsbjai LLLL ====∀∧∧∧= , the values of a, b, c and d may or may not be the same, and 
s% and c% refer to the support and confidence for the rule, respectively. Similar to the traditional association rule mining, 

s% and c% are calculated as ( )
( ) %100
TDB

BA%s Count
Count

×
∧

=  and ( )
( ) %100
A

BA%c Count
Count

×
∧

= , where  is the number of 

Ts in the TDB of the item family that contain all product related items in A and all process related items in B, 

( BACount ∧ )

( )TDBCount  
is the total number of Ts in the TDB,  is the number of Ts in the TDB that contain all product related items in A.. 
As mentioned earlier, each  in the TDB represents a specific item variant in the item family,  equals to the 
number of item variants in the family. The rule indicates that the occurrence of product related data in A (i.e., design 
parameter value pairs for parts and child items for assemblies) will most likely (at an s% support and a c% confidence) 
relate to that of process elements in B. Among many association rule frameworks and algorithms, Apriori (Agrawal and 
Srikand, 1994) can be adopted owing to its simplicity and strength. 

( )ACount
iT (TDBCount )

 
 

4. CASE STUDY 
 
The proposed variety coordination approach has been tested in an electronics company that produces vibration motors for 
hand phones. Figure 2 shows a vibration motor, its major assemblies and the product structure. 
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Figure 2. A Vibration Motor and its Product Structure  
 
 

From the company’s databases, 30 motors together with their routings are taken. For identifying the possible families 
that may exist in the 30 motors, product similarity is measured first according to the proposal. The measure results are 
given in Figure 3: a product similarity matrix of 30 motors. Then similar motors are clustered based on the similarity matrix 
and the results are given in Table 2.  

The generic product structures are generated for each family in Table 2. For illustrative simplicity, only the generic 
product structure of family 1 in Table 2 is shown in Figure 4(a). The process families have been formed according to the 
product families, and the generic process structures have been constructed as well. Figure 4(b) shows the generic process 
structure of the family 1 in Table 2. The symbols in the generic process structure denote operations, e.g., “MAO” means 
magnet assembly operation. 
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Figure 3. Product Similarity Matrix of 30 Vibration Motors  
 
 

Table 2. Product Families in 30 Vibration Motors  
 

Motor Families Product Members 

Family1 PP1, PP2, PP3, PP4, PP5, PP6, PP7, PP8, PP9, PP10, PP11, PP13, PP14, 
PP16, PP17, PP18, PP20, PP22, PP25 

Family2 PP12, PP15, PP19, PP21, PP24 
Family3 PP23, PP26, PP27, PP28, PP29, PP30 
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Figure 4. The Generic Product and Process Structures of the Motor Family 1 in Table 2  
 
 

After motor families have been identified, association rule mining is enacted to discover the mapping relationships 
between product and the corresponding process families. Table 3 shows the prepared transaction database for bracket a 
family. The magnum Opus (http://www.rulequest.com/) is employed for mining associations in the TDB in Table 3. Figure 
5 (a) gives the rule mining process in Magnum Opus. The mining results are shown in Figure 5 (b).   

 
 

Table 3. Transaction Database for Bracket A family  
 

Transaction 
IDs 

Bracket a 
Variants Design Parameter Value Pairs Process Elements 

001 Ba1 Material (ABS), Shape (Square), Thickness (1.67mm), Number 
of fusing holes (1), Length (3.05mm)  

InjectorHS35, LocatorIII, AdjustorA, 
TrayTV, Pre-alignment JigTI 

002 Ba2 
Material (Polythene), Shape (Half-Oval-Rectangle), Thickness 
(1.67mm), Outer diameter (4.32mm), Number of fusing holes 

(3), Length (3.8mm)  
InjectorLS507, LocatorIII, AdjustorDE, 

TrayU, Pre-alignment JigXS 

003 Ba3 Material (Round), Shape (Round), Thickness (0.94mm), 
Number of fusing holes (5), Outer diameter (4.32mm)  

InjectorN1044, LocatorIV, AdjustorA, 
TrayU, Pre-alignment JigRS 

004 Ba4 
Material (Nylon), Shape (Trapezoid), Thickness (1.67mm), 

Outer diameter (4.82mm), Number of fusing holes (5), Length 
(4.78mm)  

InjectorNII11, LocatorIII, AdjustorDE, 
TraySS, Pre-alignment JigSSII 

… … … … 

0015 Ba15 Material (ABS), Shape (Round), Thickness (1.30mm), Outer 
diameter (4.82mm), Number of fusing holes (3)  

InjectorHS35, LocatorAP, AdjustorP, 
TraySS, Pre-alignment JigRS 
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5. CONCLUSIONS 

 
In mass customization, the linchpin of effective variety management lies in the handling of correspondence between 
product and process variety due to the complexity and unstructured nature inherent in these interconnections. A variety 
coordination approach using data mining techniques is proposed in the paper to tackle these issues. In addition to 
identifying product and process families and thus manage product and process variety, the association rule mining 
technique is applied to address the mapping relationships in between.  
 
 

 6. REFERENCES 
 
1. Agrawal, R. and Srikant, R. (1994). Fast Algorithms for Mining Association Rules in Large Databases. Proceedings of 

the 20th International Conference on Very Large Data Bases, pp. 487-499, Santiago de Chile, Chile. 
 
2. Berry, W. and Cooper, M.C. (1999). Manufacturing Flexibility: Methods for Measuring the Impact of Product Variety 

on Performance in Process Industries. Journal of Operations Management, 17: 163-178. 
 
3. Buzacott, J.A. (1999) The Structure of Manufacturing Systems: Insights on the Impact of Variability. The International 

Journal of Flexible Manufacturing Systems, 11: 127-146. 
 
4. Du, X., Jiao, J., and Tseng, M.M. (2001). Architecture of Product Family: Fundamentals and Methodology. Concurrent 

Engineering: Research and Application, 9: 309-325. 
 
5. Fisher, M., Ramdas, K., and Ulrich, K.T. (1999). Component Sharing in the Management of Product Variety: A Study 

of Automotive Braking Systems. Management Science, 45: 297-315. 
 
6. Hegge, H.M.H. (1992). A Generic Bill-of-Material Processor Using Indirect Identification of Products. Production 

Planning & Control. 3: 336-342. 
 
7. Jiao, J., Zhang, L.F., and Pokharel, S. (2005a). Coordinating Product and Process Variety in Mass Customization 

Manufacturing. IEEE Transactions on Engineering Management. In Print. 
 
8. Jiao, J., Zhang, L.F., and Pokharel, S. (2005b). Identifying Generic Routings for Product Families in Mass 

Customization Production: A Data Mining Approach. IEEE Man, Systems, and Cybernetics. 
 
9. Lee, H.L. and Tang, C.S. (1998). Variability Reduction through Operations Reversal. Management Science. 44: 162-

172. 
 
10. Meyer, M. and Lehnerd, A.P. (1997). The Power of Product platforms. Free Press, NY. 
 
11. Romanowski, , C.J. and Nagi, R. (2004). A Data Mining Approach to Forming Generic Bills of Materials in Support of 

Variant Design Activities. ASME Journal of Computing and Information Science in Engineering. 4: 316-328. 
 
12. Ulrich, K.T. (1995). The Role of Product Architecture in the Manufacturing Firm. Research Policy. 24: 419-440. 

 


	COORDINATION OF PRODUCT AND PROCESS VARIETY IN MASS CUSTOMIZATION WITH DATA MINING APPROACH 
	1. INTRODUCTION
	 
	2. OVERVIEW OF VARIETY COORDINATION APPROACH
	3. COORDINATING PRODUCT AND PROCESS VARIETY
	4. CASE STUDY
	5. CONCLUSIONS
	 6. REFERENCES



