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Abstract Product–service system (PSS) conceptual design
process plays a critical and strategic rule in offering an
optimal set of products and services to customers.
Parameter translation driven by customer requirements
(CRs) is the mainline in this process. A two-phase parameter
translating process is presented based on a three-domain
PSS conceptual design framework: translating CRs into
design requirements (DRs), and then into module character-
istics (MCs) of products and services. DRs and MCs of PSS
are both divided into product-related part and service-related
part. There exist complex relationships between and within
the two parts of parameters in one domain and those be-
tween parameters in two adjacent domains. This condition
increases the complexity and difficulty to translate CRs into
DRs and MCs with definite specifications. The traditional
parameter translating methods which depend on the design-
ers’ experiences are insufficient to fulfill the goal of domain
mapping. The wealthy conceptual design cases for existing
PSS can be reused to generate sufficient knowledge for
designers. An apriori-based association rule mining algo-
rithm is proposed to elicit parameter translating rules for
aiding the PSS conceptual design. To ensure the availability
of the mined rules, rule redundancy and conflicting solu-
tions are taken into account. Considering the new design
data are continuously added in, an incremental updating
technique is proposed to maintain the association rules
without retracing the original database. Aweighting strategy
is adopted to highlight the novelty the newly added records,

and a competitive strategy is employed to avoid ignoring
some promising rules. A case study is carried out to dem-
onstrate the effectiveness of the developed approach for
aiding PSS conceptual design.

Keywords Product–service system (PSS) . Conceptual
design . Parameter translating . Association rule mining .

Incremental updating

1 Introduction

Environment and energy issues have become global concerns
attracting attentions of worldwide enterprises. Product–service
system (PSS) has emerged as a strategy to promote sustainable
production and consumption. PSS strategy can provide higher
values to customers not merely depending on material and
technology investment. PSS contains a physical product core
and non-physical services supplementing product [1]. On one
hand, services can substitute some parts of functions of
product without abandoning materials. On the other hand,
services can ensure value provided by product and create
additional value through the entire lifecycle of product.

Most of the early studies on PSS development were
primarily conducted from the viewpoint of marketing and
management. Manzini and Vezzoli [2] analyzed a strategic
design approach to develop PSSs by using some examples.
Williams [3] provided a structured overview of some current
and planned PSS initiatives at the empirical level in the
automotive industry. Recently, various engineering methods
and tools have been developed to support the realization of
PSSs. Aurich et al. [4, 5] claimed that lifecycle engineering
can be used for PSS design and introduced a systematic
design process to deliver product-related technical services
based upon process modularization. Sakao and Shimomura
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[6] and Sakao et al. [7] introduced the concept of service
engineering as a new discipline for PSS design, and imple-
mented a computer-aided design tool called Service
Explorer. Despite the progresses, these developed methods
have not integrated product and services adequately (e.g.,
they haven't discussed how concurrent design of product
and services should be carried out and how influences of
product parameters and service parameters should be
managed).

In PSS design, since both product and services influence
satisfaction of customer, these two aspects should be
designed simultaneously. Although product design and ser-
vice design focus on different aspects, they should be inte-
grated at the very beginning of the conceptual design. The
goal to satisfy the customer needs bridges the gap between
product design and service design. PSS conceptual design
plays an important role in PSS development. According to
the general conceptual design process for product or service
proposed by Bitran and Pedrosa [8], the specifications of the
design requirements (DRs) are identified based on collecting
and ranking the customer requirements (CRs), then the
specifications of module characteristics (MCs) are identi-
fied, and the proper concept of PSS are determined finally.
The concept of domain is borrowed from the axiomatic
design methodology [9] to form the framework of PSS
conceptual design. There are three parameter domains in
this framework: customer domain, functional domain, and
product–service domain. The relationships between CRs in
the customer domain and DRs in the functional domain and
which between DRs and MCs in the product–service
domain can be modeled by the mapping relationships.
The main critical issue in domain mapping is how to
determine appropriate DRs and MCs after obtaining a
set of CRs in the customer domain.

Quality function deployment (QFD) known as a product
planning tool can facilitate the understanding and response
to the requirements of customer. It can translate CRs into
DRs, and then to part characteristics and other requirements
in product design [10]. In general, the parameter translating
relationships in QFD are always estimated by designers
subjectively based on their experiences. Linguistic data
and incomplete data were used in expressing the relation-
ship evaluations in order to cope with the vagueness and
uncertainty in the decision-making process [11, 12]. Fung
et al. [13] and Harding et al. [14] proposed fuzzy inference
model to derive fuzzy rules based on historical design
knowledge and experiences, and determined design specifi-
cations satisfying customer requirements based on fuzzy
rules. This approach can improve the objectivity of the
decision process. Although regression or fuzzy regression
approaches developed to identify the quantitative translating
relationships can determine specific values of the output
parameters based on mathematical programming model

[15–17], the output parameters must be identified by design-
ers first as a prerequisite. The neural network (NN) approach
was proposed to generate translating relationships from
example data which can learn complicated relationships
[18]. However, the relationships are still in “black boxes”
and not tangible. Moreover, the historical data required in
NN approach must be complete to cover all input and output
parameters. Jiao and Zhang [19] pointed out that association
rule mining can be applied to discover useful patterns asso-
ciated with requirement analysis enacted among customers,
marketing folks, and designers, and proposed an association
rule mining system for effective product portfolio identifi-
cation. Shao et al. [20] applied association rule mining
approach to discover association rules between product
specifications and configuration alternatives.

In PSS conceptual design, both product and services are
means to meet customer needs. DRs of product (P-DRs) and
DRs of services (S-DRs) are two separate but interrelated
sets of descriptions and the inter-dependency relationships
between and within CRs and DRs in PSS design are much
more complicated than those in simple product or service
design. MCs of product (P-MCs) and MCs of services
(S-MCs) are also two separate but interrelated sets of
descriptions, and complicated relationships exist between and
within DRs andMCs. Therefore, subjective decisions are hard
to be made for determining the specifications of P-DRs and S-
DRs and those of P-MCs and S-MCs after obtaining a set of
CRs. Moreover, the specifications of DRs and MCs can be
expressed in linguistic variables or exact values, and this
condition brings difficulty to choose appropriate approaches
to determine them.

Knowledge discovery and data mining are becoming
important research topics and have been successfully ap-
plied in engineering field. Data in development departments
are accumulated design knowledge and experiences.
Accessing the valuable knowledge hidden in the vast
amount of data is important and necessary, and data
mining-based approaches can provide attractive solutions
and methods for difficult information-related engineering
problems [21]. Sadoyan et al. [22] presented a data mining
algorithm based on the rough sets theory to extract “if/then”
decision rules for manufacturing process control. Alisantoso
et al. [23] constructed an information system based on rough
set theory to derive design rules for design concept analysis
at early stage. Yin et al. [24] developed a knowledge dis-
covery technology based on data mining algorithm to deal
with the finite element analysis data, which combining fuzzy
set theory and rough set theory. Discovering association rules
is an important data mining problem, the algorithm of which is
to determine the relationships between items that occur syn-
chronously in a record. The wealthy historical design data for
existing PSS can be reused for supporting current design. The
issue of determining mapping relationships between CRs and
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DRs and that between DRs and MCs in the PSS conceptual
design framework can be deemed as a typical multi-dimension
association rule mining problem (i.e., the front-item and
back-item are both multiple). Apriori algorithm developed
by Agrawal and Srikant [25] is a classical and effective
approach to extract association rules from a predefined
database. However, the PSS conceptual design database in
the real world is dynamic and new design data are unceasing
added in. The extracted rule base has to be maintained.

Addition of new records in a database creates an oppor-
tunity to obtain new useful association rules, but it is a tough
work to maintain the association rules. One possible approach
is to re-run the association rule mining algorithm on the whole
updated database [26]. However, this approach has some
obvious disadvantages, e.g., all the formal computations
done are wasted, and these cost a lot of time and resources.
The incremental updating technique is a way to solve the
issue of record addition in a dynamic database mined pro-
cess without re-implementing the algorithm on the original
database.

This paper proposes an association rule mining and main-
taining approach in dynamic database for aiding PSS con-
ceptual design. There are two tasks in this research: (1)
extracting two classes of multi-dimensional association
rules from two different predefined databases, respectively:
translating relationships from CRs to DRs (i.e., P-DRs and
S-DRs) and those from DRs to MCs (i.e., P-MCs and S-
MCs), (2) maintaining the rule bases after new data are
added in the databases. Corresponding to the two tasks, an
association rule mining algorithm based on the apriori com-
bining with an incremental updating technique is developed
in the approach.

The rest of this paper is organized as follows. Section 2
introduces the framework of PSS conceptual design and
formulates the problem of mining and maintaining parame-
ter translating rules from historical data. Section 3 presents
the detailed association rule mining algorithm based on
apriori for discovering association rules. Section 4 provides
the detailed incremental updating technique for maintaining
the rule base. Section 5 uses an application to illustrate the
effectiveness of the developed approach for aiding PSS
conceptual design. Section 6 presents the conclusions
achieved in this paper.

2 Literature review and problem formulation

The framework of PSS conceptual design contains three
domains and two parameter translating processes between
adjacent domains. The CRs in the customer domain are
identified first through interaction between customers and
designers. The main task of designers in the conceptual design
process is to identify specifications of DRs (i.e., P-DRs

and S-DRs) and MCs (i.e., P-MCs and S-MCs) in the
last two domains of the framework, and then adopt
suitable optimizing approaches to generate an optimal
PSS concept. Identifying specifications of DRs and MCs
is based on the extracted information on translating
relationships from CRs to DRs and those from DRs to
MCs. Suppose databases 1 and 2 store the historical
PSS conceptual design records about CRs and DRs
and those about DRs and MCs, respectively. Suppose
the association rule bases 1 and 2 store the hidden
translating relationships between CRs and DRs extracted
from database 1 and those between DRs and MCs
extracted from database 2, respectively, the two associ-
ation rule bases can be used to support the mapping
process between two adjacent domains in the PSS con-
ceptual design together with expert decision system, as
shown in Fig. 1.

Apriori algorithm is commonly used to discover associ-
ation rules for its simplicity and efficiency. Its implementing
process can be divided into two steps, briefly: (1) generate
all frequent itemsets that satisfy the minimum support
threshold and (2) generate all association rules that satisfy
the minimum confidence threshold from the frequent item-
sets. Many variants of apriori algorithm have been proposed
according to different data and environments [27–29].
However, these researches are limited to discover associa-
tion rules on statistic database. In general, there exist three
updating variants of the original database: inserting new
records, modifying some records, and deleting some
records. However, in most cases, the historical data are
unlikely to be modified or deleted once they have been
stored. Therefore, the common case to be studied is the
incremental updating problem of data mining. Cheung et
al. [30; 31] proposed an incremental mining algorithm,
called FUP (Fast UPdate algorithm) for incrementally main-
taining mined association rules due to record insertion. The
FUP algorithm is a modification of the apriori mining algo-
rithm. It evaluates newly inserted records first, and deter-
mines whether or not re-scanning the original database is
needed. Although the FUP algorithm can indeed improve
mining performance for incrementally growing database,
original database still need to be scanned when necessary.
Lee et al.[32]proposed the DELI (Difference Estimation for
Large Itemsets) algorithm to deal with the incremental
updating problem of discovering association rules, which
used sampling techniques to evaluate whether or not the
transaction database changed significantly enough to start
updating of the rule set. Dudek [33] proposed a new approx-
imate algorithm RMAIN (Rule MAINtenance) for incre-
mental maintenance of association rules without re-running
through the processed data, which worked repeatedly on
subsequent portions of new transactions. However, these
algorithms do not consider the fact that recently inserted
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records may be more interesting than those inserted long
ago for that they reflect more closely the current trends. It is
not appropriate to treat each record as of equal importance.
Zhang et al. [34] proposed a weighting strategy for main-
taining association rules in dynamic database. The recently
added records are given higher weights, and this strategy
can reflect the novelty of newly inserted records.

Most of the incremental updating techniques based on
apriori only reuse the information of frequent itemsets
derived from the original database, and the promising
infrequent itemsets is neglected. However, some infrequent
itemsets may become frequent itemsets and be extracted as
association rules with addition of new records. Zhang et al.
[34] developed a competitive model in the association rules
maintaining process to “promote” infrequent itemsets to
become frequent itemsets in order to extract effective rules
as much as possible. However, this approach ignored dealing
with rule redundancy and conflicting.

A new association rule mining and maintaining approach
in dynamic database is proposed in this paper. Two
parts of this approach are an apriori-based algorithm to
mine association rules and an incremental updating tech-
nique to maintain the rules. The incremental updating
technique adopts the weighting strategy and competitive
strategy proposed by Zhang et al. [34]. According to the
requirements of the incremental updating technique, the
apriori-based approach keeps the promising infrequent item-
sets. Rule redundancy and conflicting are taken into account
in the approach in order to ensure the availability of the
association rules.

3 An apriori-based association rule mining algorithm

3.1 Basic notions

Suppose I10{CR1, CR2, …, CRm, DR1, DR2, …, DRn}
represent the general item set for database 1. Specification
of each item in I1 has many options. T1 � I1 represents a
record in the database, where T10TF1∪TB1, TF1 � {CR1,
CR2, …, CRm}; TB1 � {DR1, DR2, …, DRn}. Each item in
T1 has one exact specification. Suppose I20{DR1, DR2, …,
DRs, MC1, MC2,…, MCt} represent the general item set for
database 2. T2 � I2 represents a record in the database,
where T20TF2∪TB2, TF2 � {DR1, DR2, …, DRs}; TB2 �
{MC1, MC2, …, MCt}. Since the problems of mining asso-
ciation rules in the two classes of databases are the same. A
unified record representation in different databases is given.
Set T~(Fg, Bg) represents the record in a database, g01,2,…,
N, where N is the number of records in the database. Fg and
Bg (g01, 2,…,N) are the front-item set and the back-item set
of T, respectively. The mined association rules are repre-
sented in the general form: X ) Y (i.e., IF X THEN Y),
where X � [gFg; Y � [gBg; g ¼ 1; 2; . . . ;N . Two measure
standards of holding X ) Y in association rule mining are
support and confidence.

(1) Support is used to evaluate the statistical importance of
the association rule.

supp X ) Yð Þ ¼ supp X [ Yð Þ ¼ T X [ Yð Þj j
Tj j ; ð1Þ
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where T X [ Yð Þj j is the number of records in database T
containing item set X [ Y , Tj jis the total number of records
in database T.

(2) Confidence is used to evaluate the level of confidence
about the association rule.

conf X ) Yð Þ ¼ T X [ Yð Þj j
TðX Þj j ; ð2Þ

where TðX Þj j is the number of records in database T con-
taining item set X.

Given a database D, the problem of mining association
rules is to generate all rules that have values of support equal
or larger than the user defined minimum support (Minsupp)
threshold and values of confidence equal or larger than user
defined minimum confidence (Minconf) threshold.

Some basic definitions of the typical apriori algorithm are
given as follows.

Definition 1. k-Itemset. If the number of items of an itemset
is k, the itemset is a k-itemset.

Definition 2. Frequent itemset. For an itemset, if the
occurrence frequencies of all items are all
no less than the predefined Minsupp for
the database, the itemset is a frequent
itemset.

Definition 3. Apriori-gen function. For a set Lk−1 containing
all frequent (k−1)-itemsets, the apriori-gen
(Lk−1) has two steps: join and prune. The join
step returns a set of k-itemsets which are
generated by joining all the (k−1)-itemsets.
The prune step deletes some k-itemsets, at
least one (k−1)-subsets of which do not be-
long to Lk−1. At last, the apriori-gen (Lk−1)
returns the set of candidate k-itemsets: Ck.

Definition 4. Strong association rule. For a rule r, if supp(r)≥
Minsupp and conf(r)≥Minconf (Minsupp
and Minconf are predefined), the rule is con-
sidered as a strong association rule.

Generally, when the association rules are
discovered, some redundant or conflicting

rules may exist in the rule base. These rules
must be processed. Some definitions for
dealing with rule redundancy and rule
conflicting are given as follows.

Definition 5. Rule preceding. For rule r1 and r2, if conf(r1)>
conf(r2),or conf(r1)0conf(r2) and supp(r1)>
supp(r2), r1 is called to precede r2.

Definition 6. Rule redundancy. For two strong association
rules r1(X1 ) Y1) and r2 (X2 ) Y2), if X1 �
X2; and Y2 � Y1, r2 is a redundant rule.

Definition 7. Rule conflicting. For two strong association
rules r1(X1 ) Y1) and r2 (X2 ) Y2),Y1≠Y2,if
X10X2 or X1 � X2 and r1 does not precede
r2, r1 conflicts with r2.

3.2 Procedure of the association rule mining algorithm

The typical apriori algorithm focuses on the frequent item-
sets only. With the addition of incremental database, not
only the frequent itemsets may become infrequent itemsets,
but also the infrequent itemsets have the potential to become
frequent itemsets. Considering the problem of incremental
updating, the potential promising infrequent itemsets need
to be output in the association rule mining process. The
competitive set (CS) is used to store all promising infrequent
items, the support values of which must be no less than a
threshold called Mincruc which is predefined.

Given a database D, the threshold Minsupp and Minconf
are set first. The procedure of the apriori-based association
rule mining algorithm is as follows.

Step 1 Find all frequent itemsets.

(a) Generate a candidate two-itemset C2 ¼ X2; Y2ð Þ jf
X2 2 [gFg;Y2 2 [gBgg;

(b) L2 ¼ c2 2 C2 j supp c2ð Þ � Minsuppf g and CS2 ¼
c2 2 C2 j Minsupp > supp c2ð Þ � Mincrucf g;//Scan
T once to generate frequent two-itemsets and com-
petitive two-itemsets.

(c) For (k ¼ 3;Lk�1 6¼ ;; kþþ)
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(d) Return L0{L2, L3,…,Lk} and CS0{CS2,CS3,…,
CSk}.

Step 2 Generate the strong association rule set R.
For each frequent itemset (X, Y) in L, if conf((X,

Y))≥Minconf, the rule X ) Y is extracted as a
strong association rule. All the strong association
rules constitute R.

Step 3 Check and delete the redundant rules in R.
Step 4 Check and deal with the conflicting rules in R.

Check each rule r1(X1 ) Y1) in R, if there exists
a rule r2(X2 ) Y2), where X10X2, Y1≠Y2. If r2 does
not precede r1, then delete r2. If there exists a rule
r2(X2 ) Y2 ),whereX1 � X2 , Y1≠Y2.If r1 does not
precede r2, then delete r1.

4 Incremental updating technique

When new records are inserted in the original database and
they constitute an incremental database, the values of sup-
port and confidence of association rules in the original
database are going to change. Those values of association
rules mined in the incremental database are also going to
change. In order to highlight the novelty of the new records
to mine fashionable rules, a weighting strategy is used to
integrate the values of support and confidence of the same
rule from the two different databases. Assigning weights to
the two databases considers not only the size, but also the
novelty of the database.

Let w1 and w2 be the weights of the original database and
the incremental database, respectively. For any association
rule X ) Y , supp(X∪Y) and supp(X+∪Y+) are the support of
X ) Y in the original database D and the incremental data-
base D+ to D, respectively. The weighted suppw(X∪Y) in
D∪D+ is defined as:

suppw X [ Yð Þ ¼ w1 � supp X [ Yð Þ þ w2 � supp Xþ [ Yþð Þ
ð3Þ

Suppose the Minsupp and Minconf thresholds do not
change. The problem of incremental updating of association
rule mining is described as follows.

Input: D: the original database; D+: the incremental
database; R: the association rule base extracted from
D; CS: the competitive itemsets set extracted from D;
Given: w1: the assigned weight to D; w2: the assigned
weight toD+; Minsupp, Minconf, andMincruc: threshold
values;
Output: Ru: the updated association rule base extracted
from D∪D+; CSu: the updated competitive itemsets set
extracted from D∪D+.

The procedure of the incremental updating approach is as
follows.

Step 1 Mine rules from D+ to obtain R+.
Step 2 Re-examine the rules in R.
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Step 3 Examine the competitive itemsets in CS.

Step 4 Re-examine the rules in R+.

Step 5 Output Ru.
Check and delete the redundant rules and then

check and deal with the conflicting rules in R0 [ R0
1.

Ru ¼ R0 [ R0
1:

Step 6 Output new CS.

Table 1 Customer requirements

No. Customer requirements Options

CR1 Flow accuracy VL, L, ML, M, MH, H, VH

CR2 Operating reliability VL, L, ML, M, MH, H, VH

CR3 Broken time VL, L, ML, M, MH, H, VH

CR4 Performance/cost VL, L, ML, M, MH, H, VH
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5 Case study

As one of the world's top 500 companies, company H
manufactures world-class metering pumps and provides
services to their pump products in the Asia Pacific region.
The main products of its Chinese subsidiary are the recip-
rocating metering pumps and the leak-proof centrifugal
pumps, which are widely used in waste water treatment,
petrochemical and chemical industry, pharmaceutical and
food industry, etc. Although a reciprocating metering pump
is not used alone, it serves as the key module in the whole
system. The function of a metering pump is to dose chem-
ical medicament into the system at specific time and with
specific quantity. Its operating stability and robustness have
direct impact on the quality of the system output such as the
composition of the treated waste water.

Waste water treatment is important in municipal man-
agement. Among various water treatment methods, the
chemical treatment method is the most popular one.
Dosing chemical medicament is a critical task in the
process of chemical treatment method. The reciprocating
metering pump is used to treat the waste water by
dosing polymer into it. Customers usually have high
requirements for the operating stability and reliability
of the metering pump. Customers pay attention not only
to the dosing function of the machine, but also the
maintenance of the required function in its lifecycle.
The PSS conceptual design for the metering pump needs
to consider both the pump and its related technical services to
satisfy the individual customer requirement and enhance the
company's competitiveness.

Identification of customer requirements is the beginning
of the PSS conceptual design. The identified CRs in the
customer domain need to be translated to design parameters
in the functional domain and the product–service domain.
The parameter translating process is the mainline of the PSS
conceptual design, which is supported by the translating
rules extracted from the dynamic historical design databases
for existing PSS. Since the process of discovering associa-
tion rules reflecting the mapping relationships between CRs
and DRs is similar to the process of discovering those
reflecting the mapping relationships between DRs and
MCs, only the mining and maintaining process of the asso-
ciation rules about CRs and DRs in dynamic database is
shown in the example to demonstrate the proposed approach
in this paper.

Table 2 Design requirements

No. Design requirements Options

DR1 Flow adjustment level 30:1, 50:1, 80;1

DR2 Error of flow, % 0.3, 0.5, 0.8

DR3 Self-monitoring ability L, M, H

DR4 Component reliability ML, M, MH

DR5 Service response time, h 12, 24, 48

DR6 Service completing time, h 1, 3, 6

DR7 Reliability of preventive maintenance (PM) L, M, H

DR8 Technical supporting level L, M, H

Table 3 Design data of rela-
tionships between customer
requirements and design
requirements

No. CR1 CR2 CR3 CR4 DR1 DR2 DR3 DR4 DR5 DR6 DR7 DR8

1 MH M L M 30 0.5 L MH 24 3 M M

2 M H ML M 50 0.8 M M 24 1 H M

3 MH MH M MH 30 0.5 M MH 24 3 M H

4 MH MH L MH 30 0.5 H MH 12 3 M H

5 MH H VL H 80 0.5 H MH 12 1 H H

6 MH VH ML H 80 0.3 H MH 24 1 H H

7 H VH M MH 50 0.3 M MH 24 1 H H

8 H MH M VH 50 0.3 L M 24 3 M M

9 H MH ML H 50 0.3 L MH 24 3 M H

10 H VH M MH 50 0.3 H H 24 3 H L

11 H VH ML H 50 0.3 M M 24 1 H M

12 H VH VL MH 30 0.5 H MH 12 1 H H

13 VH VH ML MH 80 0.3 M MH 24 1 H H

14 VH H ML H 80 0.5 M MH 12 3 M M

15 VH MH ML H 80 0.3 H MH 12 3 M H
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Four CRs and eight DRs are involved in the objective
database as shown in Tables 1 and 2, the specifications of
which have many options. In order to capture the impreci-
sion and uncertain in the decision-making process, linguistic
variables are used to express the options of CRs' specifica-

tions and some DR's specifications. The corresponding lin-
guistic variables are very low (VL), low (L), medium low
(ML), medium (M), medium high (MH), high (H), and very
high (VH).There are 15 records gathered in the original
database as shown in Table 3. The Minsupp and Minconf

Table 4 The strong association
rules between CRs and DRs No. IF (CRs) THEN (DRs) Support Confidence

1 Flow accuracy0H Error of flow00.3 0.33 0.83

2 Flow accuracy0H Service response time024 0.33 0.83

3 Flow accuracy0H Flow adjustment level050:1 0.33 0.83

4 Flow accuracy0H Error of flow00.3 0.33 0.83
Flow adjustment level050:1

5 Flow accuracy0H Error of flow00.3 0.33 0.83
Service response time024

6 Flow accuracy0H Service response time024 0.33 0.83
Flow adjustment level050:1

7 Flow accuracy0H Flow adjustment level050:1 0.33 0.83
Error of flow00.3

Service response time024

8 Flow accuracy0MH Component reliability0MH 0.33 0.33

9 Operating reliability0MH Service completion time03 0.33 1

10 Operating reliability0MH Reliability of PM0M 0.33 1

11 Broken time0ML Error of flow00.3 0.33 0.71

12 Broken time0ML Component reliability0MH 0.33 0.71

13 Broken time0ML Error of flow00.3 0.33 0.71
Component reliability0MH

14 Broken time0ML Service response time024 0.33 0.71

15 Broken time0ML Component reliability0MH 0.33 0.71
Service response time024

16 Performance/cost0H Component reliability0MH 0.33 0.83

Table 5 The infrequent itemsets
stored in the competitive set No. CRs DRs Support

1 Flow accuracy0H Component reliability0MH 0.26

2 Flow accuracy0H Reliability of PM0H 0.26

3 Flow accuracy0H Technical supporting level0H 0.26

4 Flow accuracy0MH Error of flow00.5 0.26

5 Flow accuracy0MH Technical supporting level0H 0.26

6 Operating reliability0MH Component reliability0MH 0.26

7 Operating reliability0MH Technical supporting level0H 0.26

8 Broken time0ML Service completion time01 0.26

9 Broken time0ML Technical supporting level0H 0.26

10 Broken time0ML Reliability of PM0H 0.26

11 Broken time0ML Flow adjustment level080:1 0.26

12 Broken time0ML Self-monitoring ability0M 0.26

13 Performance/cost0H Error of flow00.3 0.26

14 Performance/cost0H Service response time024 0.26
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thresholds are set as 0.3 and 0.7, respectively. By implementing
the proposed mining approach, the frequent itemsets with the
confidence values no less than 0.7 are extracted as strong
association rules, as shown in Table 4. The strong association
rule base has to be checked and reduced according to process-
ing procedures of the rule redundancy and rule conflicting.
Rules 1–6, 11, 12, and 14 are deleted from the strong associa-
tion rule base because they are redundant rules. The remaining
association rules are output to support the mapping process
between the first two domains of PSS conceptual design. The
infrequent itemsets stored in the CS are shown in Table 5.

The database mined is dynamic, new records are unceas-
ing inserted into the database. Records in Table 6 are the
new-added design data of translating information from CRs
to DRs. The association rule base must to be updated to
support the PSS conceptual design.

Step 1. Extract the association rules from the new database by
implementing the proposed association rule mining
approach. The new rules are shown in Table 7.

Step 2. Re-examine the rules output from the original
database.

The weights of the original database and the
new database are set as 0.6 and 0.4, respectively.
The support and confidence values of the rules in

the original rule base are modified as shown in
Table 8. If the weighted support value of a rule is
equal or more than 0.3, the rule is maintained in
the updated association rule base. Otherwise, the
rule is stored in the temporary set temp.

Step 3. Examine the infrequent itemsets stored in the CS.
The support and confidence values of the itemsets

in the CS are modified as shown in Table 9. If the
weighted support value of an itemset is equal or more
than 0.3, the itemset changes to be an association rule
in the updated association rule base. Otherwise, the
itemset is stored in the temporary set temp.

Step 4. Re-examine the rules output from the incremental
database.

The support and confidence values of the rules
in the new rule base are modified as shown in
Table 10. If the weighted support value of a rule
is equal or more than 0.3, the rule is added into the
updated association rule base. Otherwise, the rule
is stored in the temporary set temp.

Step 5. Output the updated association rule base.
Step 6. Output the new CS

Set Mincruc00.25. Check the support value of
each itemset in temp, if it is equal or more than
0.25, the itemset is added into the new CS.

Table 6 The new-added design
data of relationships between
customer requirements and
design requirements

No. CR1 CR2 CR3 CR4 DR1 DR2 DR3 DR4 DR5 DR6 DR7 DR8

1 H H ML H 50 0.3 M MH 24 3 H H

2 H MH M MH 30 0.3 L MH 12 3 M H

3 H H ML H 30 0.3 H MH 24 1 H H

4 MH MH ML MH 80 0.5 M MH 12 3 M M

5 MH M M MH 50 0.5 H M 24 6 L M

6 MH MH ML H 50 0.5 L MH 48 3 M H

7 M M M H 80 0.3 M M 24 6 M M

Table 7 The association rules
extracted from the new database No. IF (CRs) THEN (DRs) Support Confidence

1 Flow accuracy0H Error of flow00.3 0.43 1
Component reliability0MH

Technical supporting level0H

2 Flow accuracy0MH Error of flow00.5 0.43 1

3 Operating reliability0MH Component reliability0MH 0.43 1
Service completion time03

Reliability of PM0M

4 Broken time0ML Component reliability0MH 0.43 0.75

5 Performance/cost0H Error of flow00.3 0.43 0.75

6 Performance/cost0H Service response time024 0.43 0.75

7 Performance/cost0H Technical supporting level0H 0.43 0.75
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6 Conclusions

Manufacturing companies are striving to increase customer
satisfaction and obtain a larger share of the market to en-
hance competitiveness and profitability. The concept of

PSS, which has emerged to promote sustainable production
and consumption, can be deemed as a competitive strategy
to satisfy diverse requirements from customers. In this pa-
per, an association rule mining and maintaining approach in
dynamic database is proposed to obtain parameter translat-

Table 8 Results of re-examining the original association rule base

No. IF (CRs) THEN(DRs) Support Confidence Is a rule in the
updated rule base

1 Flow accuracy0H Flow adjustment level050:1 0.26 0.63 N
Error of flow00.3

Service response time024

Flow accuracy0H Error of flow00.3 0.37 0.90 Y

Flow accuracy0H Service response time024 0.31 0.76 N

Flow accuracy0H Flow adjustment level050:1 0.26 0.63 N

2 Flow accuracy0MH Component reliability0MH 0.31 0.76 N

3 Operating reliability0MH Reliability of PM0M 0.37 0.90 Y

4 Operating reliability0MH Reliability of PM0M 0.37 0.90 Y

5 Broken time0ML Error of flow00.3 0.31 0.76 N
Component reliability0MH

Broken time0ML Error of flow00.3 0.31 0.76 N

Broken time0ML Component reliability0MH 0.37 0.90 Y

6 Broken time0ML Component reliability0MH 0.31 0.76 N
Service response time024

Broken time0ML Service response time024 0.31 0.76 N

7 Performance/cost0H Component reliability0MH 0.37 0.90 Y

Table 9 Results of re-examining the competitive itemsets set

No. CRs DRs Support Confidence Is a rule in the
updated rule base

1 Flow accuracy0H Component reliability0MH 0.33 0.53 N

2 Flow accuracy0H Reliability of PM0H 0.27 0.51 N

3 Flow accuracy0H Technical supporting level0H 0.33 0.53 N

4 Flow accuracy0MH Error of flow00.5 0.33 0.61 Y

5 Flow accuracy0MH Technical supporting level0H 0.22 0.57 N

6 Operating reliability0MH Component reliability0MH 0.33 0.61 Y

7 Operating reliability0MH Technical supporting level0H 0.27 0.59 N

8 Broken time0ML Service completion time01 0.22 0.43 N

9 Broken time0ML Technical supporting level0H 0.27 0.45 N

10 Broken time0ML Reliability of PM0H 0.27 0.45 N

11 Broken time0ML Flow adjustment level080:1 0.22 0.43 N

12 Broken time0ML Self-monitoring ability0M 0.22 0.43 N

13 Performance/cost0H Error of flow00.3 0.33 0.61 Y

14 Performance/cost0H Service response time024 0.33 0.61 Y
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ing rules aiding two domain mapping process in PSS con-
ceptual design.

The major characteristics of this research are summarized
as follows.

1. Parameter translating rules are extracted from historical
PSS design data. These rules can provide the designers
with sufficient knowledge to aid analyzing parameter
translation between two adjacent domains to decrease
the subjectivity and complexity of the decision-making
process.

2. The incremental dynamicity of the design database is
considered in the paper. An incremental updating tech-
nique is proposed to maintain the association rules
without retracing the original database. Moreover, it
can highlight the novelty of the new-added records
and extract fashionable rules as much as possible.

3. According to the requirements of the incremental updat-
ing technique, the promising infrequent itemsets are
also output in the apriori-based association rule mining
algorithm. Rule redundancy and conflicting are consid-
ered in the whole rule mining and maintaining process
in order to ensure the effectiveness and availability of
rules.
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