
Industrial Management & Data Systems
Personalized configuration rules extraction in product service systems by using
Local Cluster Neural Network
Jin Shen Bin Wu Li Yu

Article information:
To cite this document:
Jin Shen Bin Wu Li Yu , (2015),"Personalized configuration rules extraction in product service
systems by using Local Cluster Neural Network", Industrial Management & Data Systems, Vol. 115
Iss 8 pp. 1529 - 1546
Permanent link to this document:
http://dx.doi.org/10.1108/IMDS-03-2015-0092

Downloaded on: 02 November 2016, At: 21:47 (PT)
References: this document contains references to 29 other documents.
To copy this document: permissions@emeraldinsight.com
The fulltext of this document has been downloaded 189 times since 2015*

Users who downloaded this article also downloaded:
(2015),"Media channels and consumer purchasing decisions", Industrial Management &amp; Data
Systems, Vol. 115 Iss 8 pp. 1510-1528 http://dx.doi.org/10.1108/IMDS-02-2015-0036
(2015),"Developing dynamic capabilities in culturally distant service multi-units", Industrial
Management &amp; Data Systems, Vol. 115 Iss 8 pp. 1547-1562 http://dx.doi.org/10.1108/
IMDS-01-2015-0025

Access to this document was granted through an Emerald subscription provided by emerald-
srm:563821 []

For Authors
If you would like to write for this, or any other Emerald publication, then please use our Emerald
for Authors service information about how to choose which publication to write for and submission
guidelines are available for all. Please visit www.emeraldinsight.com/authors for more information.

About Emerald www.emeraldinsight.com
Emerald is a global publisher linking research and practice to the benefit of society. The company
manages a portfolio of more than 290 journals and over 2,350 books and book series volumes, as
well as providing an extensive range of online products and additional customer resources and
services.

Emerald is both COUNTER 4 and TRANSFER compliant. The organization is a partner of the
Committee on Publication Ethics (COPE) and also works with Portico and the LOCKSS initiative for
digital archive preservation.

*Related content and download information correct at time of download.

D
ow

nl
oa

de
d 

by
 T

A
SH

K
E

N
T

 U
N

IV
E

R
SI

T
Y

 O
F 

IN
FO

R
M

A
T

IO
N

 T
E

C
H

N
O

L
O

G
IE

S 
A

t 2
1:

47
 0

2 
N

ov
em

be
r 

20
16

 (
PT

)

http://dx.doi.org/10.1108/IMDS-03-2015-0092


Personalized configuration rules
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Li Yu
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Shanghai University of Finance and Economics, Shanghai, China

Abstract
Purpose – Configuration systems are used as a means for efficient design of customer tailored
product service systems (PSS). In PSS configuration, mapping customer needs with optimal
configuration of PSS components have become much more challenging, because more knowledge with
personalization aspects has to be considered. However, the extant techniques are hard to be applied to
acquire personalized configuration rules. The purpose of this paper is to extract the configuration rule
knowledge in symbolism formulation from historical data.
Design/methodology/approach – Customer characteristics (CCs) are defined and introduced into
the construction of configuration rules. Personalized PSS configuration rules (PCRs) are thereby
proposed to collect and represent more knowledge. An approach combining Local Cluster Neural
Network and Rulex algorithm is proposed to extract rule knowledge from historical data.
Findings – The personalized configuration rules with CCs are able to alleviate the burden of
customers in expressing functional requirements. Furthermore, in the long-term relationship with a
customer in PSS realization, PSS offerings can be reconfigured according to the changing CCs with the
guide of PCRs.
Originality/value – The contribution of this paper lies in introducing the attribute of CCs into the
antecedents of PCRs and proposing the neural networks-based approach to extracting the rule knowledge
from historical data.
Keywords Product service systems, Customer characteristics, Local Cluster Neural Network,
Rules extraction
Paper type Research paper

1. Introduction
Driven by the increasingly global competition, manufacturers are undergoing a
transition from being product-focussed to service-based. Product service systems (PSS)
are used to describe this transition. They are defined as a combination of products and
services that are systemized to deliver the desired utility or function so as to satisfy
customer needs (Baines et al., 2007). Some of the successful examples of PSS are Rolls
Royce, Xerox and Cannon (Baines et al., 2007).

With the diversification of customer needs, highly personalized PSS will provide
improved value for a wide range of customers (Wurtz et al., 2013). Configuration
systems are thus increasingly used as a means for efficient design of customer tailored
PSS (Hvam et al., 2013). PSS configuration aims to find a configuration solution from a
given set of predefined components to satisfy the individual needs of customers
without violating any constraint imposed on the components. No new component types
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can be created and the interface of existing component types cannot be modified.
The configuration of PSS can also be regarded as the searching process of all status
set under the configuration rules (Wang et al., 2014). And it has been argued that the
major challenge in knowledge-based configuration system is the acquisition of rules
(Sabin and Weigel, 1998).

Configuration rule is a kind of deductive knowledge which reflects mapping
relationship between two concepts. There are two types of PSS configuration rules: the
relationship between customer needs and PSS components, and the relationship among
different PSS components (Wang et al., 2014). Due to dynamically changing customer
desires as well as rapid technology evolution, mapping customer needs with optimal
configuration of components have become much more challenging than before
(Wang, 2013). The development and application of these configuration rules help
to transform the configuration manner from product-centric to customer centric
(Ren and Zhang, 2011). The configuration rules discussed in this paper only refer to the
mapping between customer needs and PSS components.

Customer needs can be reflected in the form of functional requirements (FRs)
while PSS components are in the form of design parameters (DPs). In PSS
configuration, more knowledge with personalization aspects has to be considered
(Wurtz, Ardilio et al., 2013). Even if different customers have the same expectation for
the FRs, the actual PSS configuration solution may be different due to the influence
caused by individual customer characteristics (CCs). Taken computer total solution
as example, customers with different CCs “use purpose” usually have different
understandings of the value “high” for FR “reliability.” Thus, for the DP “Response
speed for emergency repair,” “one hour” should be designed for a stock exchange while
“four hours” may be designed for a library, even the two customers selected the same
value “high” for FR “reliability.”

Since the customer becomes an active part in PSS realization, the individual
behavior of a customer has to be analyzed in advance (Aurich et al., 2009). CCs (such as
age, occupation, interests, usage purpose, etc.) are thus defined and introduced into the
construction of PSS configuration rules in this paper. Personalized PSS configuration
rules (PCRs) are thereby proposed to collect and represent more knowledge which helps
meeting or exceeding customer expectations in PSS configuration.

Despite the merits, the introduction of PCRs probably adds the difficulty in rules
extraction. First, the hybrid antecedents which incorporate both FRs and CCs will formally
result in massive coupled or interrelated rules and finally generate a “confusing” rule set.
It is difficult to explore the nonlinear and complicated relationship among the multi-
attributes of the rules (Yu and Chen, 2011). Second, the multi-attributes of the rules brings
difficulties for companies to acquire knowledge from various stakeholders, such as sales/
marketing, customers, PSS designers, configuration experts, by traditional knowledge
acquisition approaches, like conjoint analysis, QFD and AHP (Fung et al., 2002).

However, data mining has been considered to be an effective method to extract
valuable knowledge from the historical cases (Yu and Chen, 2011). The historical cases
in PSS configuration include customer information and successful transactional
records. CCs can be obtained from customer information stored in systems like CRM.
FRs and DPs can be analyzed through systems like configurators. To take the
advantages of massive historical cases in PSS configuration, this paper adopts a data-
based knowledge acquisition strategy based on neural networks (NN).

The rapid and successful proliferation of NN application has provided a clear
testament to the capability of NN paradigm. The salient characteristics of NN include
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the direct and straightforward manner in which NN acquires knowledge about a given
problem domain, the compact and flexible form in which the acquired knowledge is
presented, and the ease and speed with which the knowledge can be accessed and
deduced (Hagan et al., 1996). It is argued that parallel reasoning process is more
efficient than the activation verification in traditional symbolic reasoning (Chen and
Wang, 2010). Although there is a traditional inability for NN to provide comprehensible
explanation for the process, rule extraction from trained NN is considered as an
addition of explanation (Andrews et al., 1995).

In all, this paper proposes an approach based on Local Cluster Neural Network (LCNN)
(Geva et al., 1998) (one kind of NN) and Rulex algorithm (Andrews and Geva, 2002)
(one kind of rule extraction techniques) to realize personalized configuration rules
extraction in PSS. Since the study on PSS configuration is not abundant (Wang
et al., 2014), the contribution of this paper lies in introducing the attribute of CCs into the
antecedents of PCRs and proposing the NN-based approach to extracting the rule
knowledge from historical data. The PCRs with CCs are able to alleviate the burden of
customers in expressing FRs. Furthermore, in the long-term relationship with a customer
in PSS realization, PSS offerings can be reconfigured according to the changing CCs with
the guide of PCRs.

The remainder of the paper is organized as follows. First, the review of related work
is given. The formulation for PCRs is then presented in Section 3. Both the symbolism
and connectionist representation approach are discussed. In Section 4, LCNN is
adopted to address the acquisition and deduction of the rules, and Rulex algorithm is
utilized for the explanation and refinement in symbolism formulation. A configurable
PSS named “building solution” is taken as an illustrative example in Section 5. Finally,
conclusions and discussion are drawn in Section 6.

2. Related work
The mass customization paradigm has been widely applied to manufacturing industry
and many achievements have been made in product configuration. However, the study
on PSS configuration is not abundant (Wang et al., 2014). Wang et al. (2014) proposed a
modular product service configuration method based on the structural knowledge of
ontology. The configuration rules are interpreted and represented in Semantic Web Rule
Language (SWRL), which is a rule language based on OWL. (Long et al., 2013) built a
multiclass support vector machine model for configuring a specific PSS that meets both
functional needs and perception needs of customers. Pezzotta et al. (2013) proposed a
Service Engineering framework that integrated a product service design modeling tool
developed at the Tokyo Metropolitan University with a discrete event simulation test-
bench, which enabled the comparison of several PSS configurations and the evaluation of
both customer and internal performance. Shen et al.(2012) proposed an ontology-based
approach to representing service configuration knowledge and developed a service
configuration system. Dong et al. (2011) presented an ontology-based service product
modeling approach for configuration. The configuration rules were also formalized in
SWRL. Dong and Su (2011) modeled a configuration system of PSS based on ontology
under mass customization. Shilov (2011) presented an approach based on efficient
management of information services in the open information environment oriented to
product-service system configuration. The approach was based on the technologies of
ontology and context management. Aurich et al. (2009) presented a framework which
comprised customer, manufacturer and product life cycle specific aspects to conduct a
systematic configuration of PSS. Becker et al. (2009) presented a configurative service
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engineering tool Adapt(X) to generate customized service processes, organizational
infrastructures and IT infrastructures. Baida et al. (2004) presented a service ontology to
support a component-based structure of services. In their paper they used a case study
from the Norwegian energy sector to describe how a component-based ontological
description of services facilitates the automated configuration of a set of services.
However, all of the work above focussed on the systematic configuration system where
configuration rules were assumed to be acquired in advance.

As to configuration rule problem, Tidstam and Malmqvist (2015) proposed a
systematic development process for product configuration rules. It included author
(elicit, interpret, formalize, implement), evaluate (inspect, compute, test) and release.
However, this was a deductive way which heavily depended on users’ experiences. Ren
and Zhang (2011) regarded the simulation data of FEA as the important knowledge
source of configuration rules. Then, a methodology of integration between product
configuration design and simulation analysis was proposed to realize the dynamic
update of configuration rules. Shao et al. (2006) proposed a methodology which was an
integration of popular data mining approaches and variable precision rough set. It
focussed on the discovery of configuration rules. However, the proposed methodology
depended on the customer groups indirectly rather than the individual customer.
Soininen and Niemelä (1999) proposed a rule-based language for representing typical
forms of configuration knowledge. It was equipped with a declarative semantics
providing formal definitions for main concepts in product configuration. However, their
work only addressed the representation problem of configuration rules.

In the field of PSS configuration rules, Long andWang (2012) proposed an approach
based on dominance-based rough set to extract configuration knowledge. The
configuration knowledge (rule) described the mapping relationship from PSS to
customer experience perception. The customer experience perception they defined was
subjective and obtained by the customer questionnaire. It was different from the CCs
discussed in this paper which objectively exist before configuration. Geng et al. (2012)
proposed an association rule mining and maintaining approach in dynamic database to
obtain parameter translating rules aiding two domain mapping process in PSS. Yu and
Chen (2011) proposed an a priori-based data mining method to transform the implicit
knowledge into explicit association rules. Three criterions, support, confidence and
interestingness, were applied for the evaluation of the extracted rules. These data
mining-based approaches aim to reveal the relations between attributes, but companies
still have to organize, simplify, and program them to form configuration rule set.
All these transition activities will involve intensive human work and consume a lot of
organizational resources (Chen and Wang, 2010).

3. Formulation of personalized configuration rules
3.1 Fundamentals of CCs and PCRs
According to axiomatic design theory (Suh, 1990), the specifications of the DPs are
identified based on collecting and ranking FRs. Thus there are two domains in this
framework: functional domain and product/service domain. Configuration rules are
usually in the form of production rules “IF antecedent (condition) THEN consequent
(result)” to describe the transformation from FRs to DPs. The antecedents and
consequent of conventional configuration rules are mainly composed of FRs and DPs,
respectively, as Figure 1(a) shown.

In this paper, for the purpose of improving the effectiveness of PSS configuration,
CCs are introduced into the construction of configuration rules. CCs are attributes that
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indicate the customers’ personality who involve in configuration activities. CCs include
basic information, interests and preferences, usage pattern and environment, etc. (Shen
et al., 2012). Basic information describes a user profile by age, marital status, income,
education, gender, profession, etc. for a single person; and by staff number,
geographical location, company scale, etc. for a business customer. Obtaining and
accumulating data about customer interests and preferences can improve learning
about market trends and the trade-offs made in choosing services, which in turn help to
find the optimal configuration for the customer. Information about usage pattern and
environment also significantly affect the configuration solutions. Thereby, PCRs are
proposed, aiming to improve the ability of differentiating personalized customer needs.
The antecedents of PCRs consist of hybrid domain attributes which include functional
domain and customer domain. The consequent of PCRs consists of product service
domain attributes, as Figure 1(b) shown.

Functional
requirements

Design
parameters

antecedent consequent

Functional 

domain

Product

domain

configuration rules

Functional
requirements

Design
parameters

hybrid antecedent consequent

Functional

domain

Product-

service domain

Personalized configuration rules

Customer
characteristics

Customer

domain

(a)

(b)

Notes: (a) Conventional configuration; (b) PSS configuration

Figure 1.
Domain knowledge

of configuration
rules
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There are several advantages of proposing PCRs and modeling CCs as parts of the
antecedent of PCRs:

(1) CCs are abstract description of the individual customer. There are not any
principles of completeness, and only the core features that are closely related to
the configuration are requisite. Thereby, there is great flexibility of the size of
CCs portfolio.

(2) Customers are normally aware of their basic needs and often have no idea of
configuration alternatives that a manufacturer can offer (Shao et al., 2006). CCs
are the attributes of customers themselves. Customers thus are more competent
to determine this knowledge than to determine the FRs options that they are not
familiar with.

Besides the traditional rule formulation of symbolism, this paper introduces a connectionist
formulation. Although these two approaches are disparate, our research appropriately
coordinates them into a mutually complementary model, which simultaneously addresses
the expressiveness and deductiveness of PCRs and intelligently alleviates the difficulties in
rule acquisition, representation and deduction.

3.2 Symbolism formulation for PCRs
PCRs focus on the mapping from functional domain to product service domain, and
also incorporate customers’ personalized characteristics into antecedents to reveal the
distinct feature of PSS configuration. The symbolism formulation for PCRs is based on
production rules “IF antecedent THEN consequent.” The antecedents of PCRs consist
of functional domain and customer domain attributes, while the consequent of the rule
consists of product service domain attributes.

In functional domain, the functionality of a PSS is characterized by s set of FRs,
F¼ {f1, f2,…, fN}. Each FR, fi|∀i∈{1,…, N}, possesses several values
F0
i ¼ f 0i1; f

0
i2; . . .; f

0
in

� �
. That is, f i ¼:: f 0ij98f 0ijAF0

i , where j∈{1,…, n}. f 0ij denotes
the jth possible values of ith FR. Therefore, the functionality of a particular PSS can be
represented as a vector of certain values of those FRs. For example,
Fs ¼ f 011; f

0
22; . . .; f

0
N2

� �
denotes that for the functionality of sth PSS configuration

solution, f1 takes the first value. The second value are set to f2 and fN, respectively.
In customer domain, the personality of a customer is characterized by s set of CCs,

C¼ {c1, c2, . . ., cM}. Each CC, cp|∀p∈{1, . . .,M}, possesses several levels of instances
C0
p ¼ fc0p1; c0p2; . . .; c0pmg. That is, cp ¼:: c0pq98c0pqAC0

p, where q∈{1, . . .,m}. c0pq denotes
the qth possible values of pth CC. Therefore, the personality of a particular customer
can be represented as a vector of certain values of those CCs. For example, Cs ¼
c012; c

0
23; . . .; c

0
M2

� �
denotes that for sth PSS configuration solution, the corresponding

customer hasm characteristics, where c1 takes the second value. The third value are set
to c2, cN takes the second value.

In physical domain, a PSS configuration solution is characterized by s set of DPs,
D¼ {d1, d2,…, dK}. Each DP, dg|∀g∈{1,…,K}, may take on one out of a finite set of
values D0

g ¼ fd0g1; d0g2; . . .; d0gkg. That is, dg ¼:: d0gh98d0ghAD0
g , where h∈{1,…, k}. d0gh

denotes the hth possible values of gth DP. Therefore, the DP of a particular PSS
configuration solution can be represented as a vector of certain values of those DPs.

In all, a basic PCR can be described as f 0ij4c0pq ) d0gh, where a mapping symbol “⇒”
indicates an inference from the antecedents to the consequent, which mean “IF the ith
FR takes the jth value AND the pth CC takes the qth value THEN the gth DP takes the
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hth value.” More sophisticated PCRs could be logically compounded by basic rules
which address the same consequent, as Table I shown. The first case in this table
indicates that “IF the third FR takes the first value AND the first CC takes the second
value THEN the first DP takes the first value.” Still taken computer total solution as
example, this could be a rule “IF the FR (reliability) takes the value of high AND CC (use
purpose) takes the value of library THEN the first DP (Response speed for emergency
repair) takes the value of four hours.”

3.3 Connectionist formulation for PCRs
The symbolism rules clearly indicate specific domain attributes as well as the relations
among them. However, the complexity of PCRs challenges the work of rule acquisition
and deduction. To deal with the problems, as Figure 2 illustrates, a connectionist
formulation for PCRs based on NN is proposed in this paper.

To formulate a set of PCRs, a network module is developed which takes FRs and
CCs as the inputs and the target DPs as the outputs. The deductive reasoning of a PCR
can be regarded as a problem of function approximation. Since the instantiation of DPs
is determined by several PCRs, the reasoning behavior (i.e. PCR) from FRs and CCs to a
specific DP is simulated by the approximation of several functions.

IF f 0ij4c0pq THEN d0gh

f 031AND c012 d011 d1
o f 011; f

0
224 AND c013 d014

o f 011; f
0
214 AND oc011; c

0
124 d012

o f 011; f
0
224 AND c031 d013

o f 012; f
0
214 AND oc011; c

0
124 d015

… … d2
… … …
… … dK

Table I.
Cases for PCRs

Neural
Network

dK

Consequence
(DPs)

Antecedents
(FRs&CCs)

f1

f2

fN

c1

cM

c2

c3
Figure 2.

NN-based PCRs
construction
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To simulate this function, LCNN is adopted in this paper. LCNN is a class of multilayer
perceptron which utilizes sigmoid functions to generate a specific multi-dimensional
local function (Geva et al., 1998). Local function is almost zero everywhere except in the
ridge region, which has a similar function property with the “response” behavior of
configuration rules. LCNN has been suggested that it trains as fast as radial basis
functions network and is well suitable for multi-dimensional function approximation.
Moreover, it well facilitates the further rule extraction and symbolic explanation
(Andrews et al., 1995).

The rationale of local function construction of LCNN lies in taking the difference
between two appropriately parameterized, parallel and displaced sigmoid functions.
Consider the ridge function l which is almost zero everywhere except in the region
between the steepest parts of two sigmoid functions (Geva et al., 1998), as Figure 3(a)
shown:

l w; r;xð Þ ¼ lþ w; r;xð Þ�l� w; r;xð Þ ¼ s k1;wT x�rð Þþ1
� ��s k1;wT x�rð Þ�1

� �
(1)

where s k; hð Þ ¼ 1=ð1þe�khÞ, w is the weight matrix, x is the input vector, r is a
reference vector, the value of k1 determines the shape of the ridge. Adding n ridges in
different dimensions but a common center produces a function f which peaks at the
common center with the component ridges radiating on all dimensions (Geva et al., 1998) ,
as Figure 3(b) shown:

f w; r;xð Þ ¼
Xn
i¼1

l wi; r;xð Þ (2)

As Figure 3(c) shown, to make this function local, the component ridges must be “cut
off”without introducing discontinuities into the derivatives of the local functions (Geva
et al., 1998), which is achieved by:

L w; r;xð Þ ¼ s0 k2; f w; r;xð Þ�dð Þ (3)

where d is selected to ensure the maximum value of function f coincides with the center
of the linear region of the output sigmoid. The parameter k2 determines the steepness of
the sigmoid function.

After all, the output of the NN is finally approximated by linear combination of T
local clusters distributing over the domain with n dimensions (Geva et al., 1998):

di xð Þ ¼
XT
j¼1

vjL wj; rj;x
� �

(4)

where vj is the output connection weight associated with particular local function. With
the advantages of LCNN, the resulting connectionist formulation provides inherent
facilities for intelligent acquisition and efficient deduction.

4. Rule extraction by using LCNN and Rulex
The approach of PCRs extraction mainly includes two steps: acquisition and explanation.
First, PCRs are acquired and deduced from knowledge hidden in historical data by training
LCNN. Then, PCRs are reasonably explained in symbolism form by using Rulex algorithm.
Besides, networks partition and refinement are utilized to combine LCNN with Rulex.
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4.1 Acquisition and deduction of PCRs in connectionist formulation
To acquire PCRs, the connectionist formulation is required to be further trained. First,
historical data should be organized as pairs R¼ oF∪C, DW , where F∪C¼
[f1, f2,…, fN, c1, c2,…, cM], D¼ [d1, d2,…, dK]. The data are collected from transactional
records of sales, customer profiles and configuration documents. Any effective pair of
such historical data are an instantiation of R, and indicates a specific instance
of functional and physical description of a PSS configuration solution, and the
personalized characteristics of the corresponding customer. The historical data are
then further decomposed into K sub-sets, Ru¼ oF∪C, DuW , where u∈{1,…,K}.
Therefore, each pair of Ru implies an instance of the mapping from the antecedents to a
specific consequent.

Second, to train a specific NN, a set of compatible training samples should be
established for Ru. Because LCNN cannot directly handle nominal inputs and outputs,
the instances of FRs, CCs and DPs should be encoded into numerical values before
network training. For example, the nominal instances, {A, B, C}, of an attribute can be
encoded as {1, 2, 3}, where “1” stands for “A,” “2” stands for “B” and “3” stands for “C.”
The encoding rules should be recorded to support further PCRs explanation in
symbolic formulation. Besides, because the variables may involve different metrics
and ranges of values, the inputs and outputs also need to be transformed into standard
form. To avoid the dependence on the choice of different metrics of certain
variables over others, those values are normalized to be dimensionless by max-min
normalization method.

Finally, the training method for LCNN in this paper is based on a variation of
gradient descent algorithm with individual adaptive learning rates for each adjustable
parameter. With the limitation of the paper length, more details of network training can
be referred to (Geva et al., 1998).

Given a well-trained LCNN, the inputs, i.e. instantiations of a specific set of FRs
and CCs, are referred to as a “stimulus,” and the value of output, i.e. DP, is referred to
as a “response” achieved by the trained LCNN. Therefore, the acquisition
and deduction of PCRs is transformed to an automatic stimulus-response process
guided by Equation (4).

4.2 Explanation of PCRs in symbolism formulation
Although LCNN has the capability of rule acquiring and deducing, there is an inability
for LCNN to provide good explanation for the process through which the given output
has been reached. To address the problem, the rule extraction technique is considered.
Rulex (Andrews et al., 1995), which is one of the existing techniques for rule extraction
from NN, is adopted in this paper to provide symbolic explanations for connectionist
formulation. Rulex has been proved to have the capability of accurately extracting
high-quality rules through the tests on benchmark problems. It is able to directly
interpret the weight parameters into the rules like “IF ∀1o ion:xi∈[xi−lower, xi−upper],
THEN the output takes the target value,” where [xi−lower, xi−upper] represents
the effective range in the ith input dimension. Then, let ki¼ k1wi, bi¼ 1/wi, m¼
e−(xi−ri)ki, n¼ e−biki, the expressions to determine [xi−lower, xi−upper] can be established as:

xi�lower ¼ ri�ln
p�q�

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p2þq2�2 a2þ1ð Þ

p
2a

 !
k�1
i (5)
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xi�upper ¼ riþ ln
p�qþ

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
p2þq2�2 a2þ1ð Þ

p
2a

 !
k�1
i (6)

where a ¼ 1= 1þmnð Þ�1= 1þm=n
� �

; p ¼ 1�að Þebiki ; q ¼ 1það Þe�biki

By the assistance of Rulex, the reasoning behavior of a well-trained LCNN could be
interpreted as a set of symbolic rules, which are exactly the extracted PCRs.
Additionally, the directly extracted rule set may contain redundant rules, individual
rules with redundant conditions, and pairs of rules where conditions can be combined.
Rulex also provides facilities to simplify the redundancy to improve the
comprehensibility without compromising the accuracy. Since the paper length is
limited, more details of Rulex can be referred to (Andrews et al., 1995).

4.3 Networks partition and refinement
Based on the original historical data R¼ oF∪C, DW , a formally full-connected
network topology NET0 can be established. NET0 fully connects all the inputs
and outputs. Then, based on the data set Ru¼ oF∪C, DuW , NET0 can be further
divided into K individual network modules, namely NETi, where i∈{1,…, K}. NETi
connects all the input attributes and the output di. For each well-trained NETi, the
structure of the network module will be further refined as NETi

R to simplify the
representation and improve the training efficiency.

To refine the network module, the inputs are classified into different categories with
different policies, as Table II shown. The refined NETi

R is trained by the data in
Ru'¼ oFA∪Cr, D

uW . The effort of network refinement leads to compact network
modules with less input attributes and simplified connection weights.

5. Case study
With the high-speed development of construction in China, automation and control
products in buildings are widely installed. An anonymous leading company H who

Category Description Policy

FC FRs that are obviously unrelated to the
instantiation of di

FC is directly removed from the input
attributes of NETi

FB FRs that are related to the instantiation of di
but could be replaced by CCs through
network training

FB is primitive FRs for NETi, and then the
explanations of well-trained NETi will
indicate the reduction of FB

FA FRs that are decisive to the instantiation of di FA is the final decisive input attributes for
the refined network module NETi

R, which is
figured out through the explanations of well-
trained NETi

Cr CCs that are related to the instantiation of di Cr is the final decisive input attributes for the
refined network module NETi

R, which is
figured out through the explanations of well-
trained NETi

Cn CCs that are unrelated to the instantiation
of di

Cn is primitive CCs for NETi, and then the
explanations of well-trained NETi will
indicate the reduction of Cn

Table II.
Classification of

inputs
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traditionally only sold the tangible products are now transforming to provide customers
with customized PSS called “Building Solution.” It aims to keep the buildings safe, secure,
comfortable and energy-efficient. It serves a wide range of customers, including
commercial and government buildings, health care facilities, airports, and schools.
Significant revenues can be extracted from servicing the installed base of physical
products to manipulate decreasing profits from product sales. The service also provides a
differentiating factor to lock the customer into a long-term relationship.

“Building Solution” is a typical kind of product-oriented PSS. It is composed of several
tangible product parts like access control, reader, field equipment, monitor, etc., and
intangible services like spare parts supply, installation, emergency maintenance,
recycling, etc. “Building Solution” is customized according to diverse customer needs.
The configurator rules are important during this customization process.

To clearly explain the extraction process of PCRs in “Building Solution,” the design
parameter “Service Level” of Emergency Maintenance is selected as the target design
parameter (s1). First, based on the analysis of the historical data, the nominal range of
s1, i.e. {Engineer, Technician} is set, and coded by {1, 2}. Second, after analyzing the
configuration options, FRs are confirmed, which include reliability, expertise, technical
supporting level, field service and convenience. According to the definition of primitive
FRs, FC, i.e. Convenience, is removed, and FA∪FB is developed, as Table III shown.
Then, with the permission of customer privacy, some CCs are acquired from customer
documents and set as parts of PCRs, as Table IV shown. Finally, the primitive training
data are organized as R1¼ o [ f1, f2, f3, f4, c1, c2], s1W , and the primitive training
network NET1 is developed as Figure 4 shown.

To trainNET1, 231 historical transaction records are totally collected. They are encoded
with the rules shown in Table V. To ensure the effectiveness of the extracted PCRs,
11 times independent training activities are performed based on different initial local
functions that are randomly generated. When each network is converged, Rulex algorithm
is then utilized to realize symbolic explanation of the network, as Figure 5 shown.

There are 11 different sets of rules based on the converged NET1. They can be
regarded as different forms of explanation of the same information. Therefore, the
weights of 11 groups of network are then combined and further extracted to simplified
rules by using Rulex. Afterwards, since there are only four input attributes in the
antecedent of simplified rules, NET1 can further be refined as NETi

R with the training
structure of R1'¼ o [ f1, f2, f3, c1], s1W . Based on the same 231 records, training process

CCs CC ID Range of CC Code

Usage purpose c1 {commerce, office, healthcare, residence} {1, 2, 3, 4}
Geographical location c2 {downtown, suburban} {1, 2}

Table IV.
Customer
characteristics

FRs FR ID Range of FR Code

Reliability f1 {High, medium, meaningless} {1, 2, 3}
Expertise f2 {High, medium, meaningless} {1, 2, 3}
Technical supporting level f3 {High, medium, meaningless} {1, 2, 3}
Field service f4 {Yes, No} {1, 2}

Table III.
Primitive functional
requirements
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is re-performed and NETi
R is symbolic explained with Rulex. Finally, the PCRs of this

case are extracted as Table VI shown.
To evaluate the performance of the proposed PCRs extraction method, two

important performance issues are further studied: the learning accuracy of the
connectionist approach (LCNN) and the comprehensibility of the symbolic PCRs
abstracted by RULEX.

Learning accuracy is referred to the capability of classifying a set of previously
unseen examples from the problem domain. In the case study, the authors have
collected 231 effective records as the data set. To verify the learning accuracy, a certain
number (denoted as train-set-size) of the records are randomly selected in each
verification trial as training samples. The remaining samples are then used for testing.
The network model is then trained and tested ten trials with the given train-set-size.
The final error rate with the train-set-size is determined by the average error rate for
classifying the testing samples in ten trials. To analyze the learning accuracy with
different train-set-sizes, the authors run the trials with the train-set-sizes ranging from
20 to 220, i.e. the size of training/testing data are 20/211, 40/191, 60/171,…, 220/11. The
average error rates and standard deviations (STD) in training trails are illustrated in

DIRECTLY EXTRACTED RULE SET

RULE 1

RULE 2
RULE 6

RULE 7

IF

IF

Reliability

Reliability

IF IS HighReliability

IF Reliability

AND

IF

AND

AND

AND

AND

AND

ANDExpertise

Reliability

Technical

FieldService

Usagelife

Remote

Expertise

Technical

THEN Level-Technician(2)

THEN Level-Technician(2)

IS Medium OR Meaningless

THEN Level-Engineer(1)

IS Medium OR Meaningless

IS Meaningless

IS Medium OR Meaningless

IS Meaningless

IS Meaningless

IS High OR Medium

IS Meaningless

IS No

IS Yes

IS ‘0-2’ OR ‘2-5’ OR ‘5-10’

==========================

Figure 5.
Parts of training
results of No. 10 trial

Record ID Input¼ [ f1, f2, f3, f4, c1, c2] ⇒ Output¼ s1

1 [2, 2, 1, 1, 3, 1] ⇒ 1
2 [3, 2, 2, 1, 2, 1] ⇒ 1
3 [2, 1, 2, 1, 1, 1] ⇒ 1
… … ⇒ …
231 [3, 3, 3, 1, 2, 2] ⇒ 2

Table V.
Samples for the
network module
NET1

Rule
ID Antecedent (IF)

Consequent
(THEN)

1 Expertise ( f2)¼NOT High AND Technical supporting level ( f3)¼NOT High s1¼Technician
2 Reliability ( f1)¼High AND Expertise ( f2)¼High AND Usage Purpose

(c1)¼ healthcare
s1¼Engineer

3 Reliability ( f1)¼High AND Expertise ( f2)¼NOT Meaningless AND
Technical supporting level (f3)¼NOT Meaningless

s1¼Engineer
Table VI.
Formulations of the
extracted PCRs for s1
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Figure 6, respectively. The results show high learning capability of LCNN in
configuration. When train-set-size is smaller than 40, the accuracy improves
dramatically from 0.92 to 0.48. When train-set-size is larger than 40, LCNN could
achieve very high accuracy and the results of STD indicate stable training processes.

The comprehensibility of the symbolic PCRs abstracted by Rulex is characterized
by two indices: the average number of PCRs and the average number of antecedents
per PCR, which is illustrated in Figure 7 with different train-set-sizes, respectively.
Except for 20/211, the average numbers of PCRs in trials do not vary greatly.
Therefore, the authors suggest that the number of rules acquired in PCRs development
is primarily related to the complexity of the configuration knowledge hidden in the
historical data and the training process of LCNN is able to outline the set of PCRs even
with small train-set-size. Second, the average number of antecedents per PCR is
generally inversely related to train-set-size. Therefore, the authors suggest that PCRs
could be abstracted more comprehensively if more sufficient and consistent training
data are provided.

6. Conclusions
Configuration systems are used as a means for efficient design of customer tailored
PSS. Since more knowledge with personalization aspects has to be considered in PSS,
mapping customer needs with optimal configuration of PSS components have become
much more challenging. Traditional knowledge acquisition approaches, like conjoint

0.0
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20 40 60 80 100 120 140 160 180 200 220

the average number of antecedents

the average number Figure 7.
Complexity analysis

of PCRs
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Figure 6.
Learning

performance
of LCNN
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analysis, QFD and AHP are hard to be applied, because of the multi-knowledge domain
caused by various stakeholders. However, data mining has been considered to be an
effective method to extract valuable knowledge from the historical cases. The rapid and
successful proliferation of NN application has provided a clear testament to the
capability of this kind of data mining techniques. Therefore, this paper aims to extract
the configuration rule knowledge in symbolism formulation from historical data by
using a NN-based approach.

In this paper, first CCs are defined and introduced into the construction of
configuration rules. Personalized PCRs are thereby proposed to collect and represent
more knowledge. Second, symbolism formulation and connectionist formulation are
provided, respectively. Finally, rule extraction is realized by using an approach
combining LCNN and Rulex algorithm. Connectionist formulation is adopted to address
the acquisition and deduction of the rules based on LCNN, while the rule extraction
technique Rulex is adopted for the explanation and refinement in symbolic formulation.
Networks partition and refinement are also utilized to combine LCNN with Rulex.

With the case study “Building Solution,” the feasibility and effectiveness of the
approach is demonstrated. Both the learning accuracy of the network and the
comprehensibility of the symbolic rules are satisfied. The PCRs with CCs are able to
alleviate the burden of customers in expressing FRs. Furthermore, in the long-term
relationship with a customer in PSS realization, PSS offerings can be reconfigured
according to the changing CCs with the guide of PCRs.

However, there are two important assumptions in our research. First, a
configuration implies a set of entities that are combined in a structured manner,
therefore with reference to a PSS, both the physical product as well as the services are
required to designed in components with responding DPs; second, the data sources like
CRM and PDM should be available. Thus, the approach cannot be applied to a new PSS
without any transaction records.

In a word, the contribution of this paper lies in introducing the attribute of CCs into
the antecedents of PCRs and proposing the combined LCNN and Rulex approach to
extracting the rule knowledge from historical data. For the further research, the other
kind of configuration rules mapping among different PSS components are considered.
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