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A Target-Based Decision-Making Approach to
Consumer-Oriented Evaluation Model for

Japanese Traditional Crafts
Van-Nam Huynh, Member, IEEE, Hongbin Yan, and Yoshiteru Nakamori, Member, IEEE

Abstract—This paper deals with the evaluation of Japanese tra-
ditional crafts, in which product items are assessed according to
the so-called “Kansei” features by means of the semantic differen-
tial method. For traditional crafts, decisions on which items to buy
or use are usually influenced by personal feelings/characteristics;
therefore, we shall propose a consumer-oriented evaluation model
targeting these specific requests by consumers. Particularly, given
a consumer’s request, the proposed model aims to define an evalua-
tion function that quantifies how well a product item meets the con-
sumer’s feeling preferences. An application to evaluating patterns
of Kutani porcelain is conducted to illustrate how the proposed
evaluation model works, in practice.

Index Terms—Consumer-oriented evaluation, decision analysis,
kansei data, ordered weighted averaging (OWA) operator, recom-
mendation, traditional craft.

I. INTRODUCTION

NOWADAYS, consumers and customers are more demand-
ing, not only regarding quality but also regarding their

satisfaction in terms of psychological feelings about products
and services to be purchased. They have become much more
selective in their choices. Therefore, in an increasingly compet-
itive world market, it is important for manufacturers to have a
customer-focused approach in order to improve attractiveness
in the development of new products, which should not only sat-
isfy the requirements of physical quality, defined objectively,
but also the consumers’ psychological needs, by essence sub-
jective [37]. This approach has actually received much attention
since the 1970s from the research community of consumer-
focused design and Kansei engineering. Particularly, Kansei
engineering, defined as “translating technology of a consumer’s
feeling and image for a product into design elements” [27], has
been developed and successfully applied to a variety of indus-
tries [28], [41]; especially in Japan, it has been widely applied
to the product design process in industries such as automotive,
home electronics, office machines, cosmetics, food and drink,
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packaging, building products, and other sectors [10]. Kansei
is a Japanese term reflecting a multifaceted expression that is
closely connected to Japanese culture and so has no direct corre-
sponding word in English or other languages. According to M.
Nagamachi, the founder of Kansei engineering, kansei is “the
impression somebody gets from a certain artifact, environment
or situation using all her senses of sight, hearing, feeling, smell,
taste [and sense of balance] as well as their recognition,” as
quoted from [41]. For building a kansei database on psycho-
logical feelings regarding products, the most commonly used
method is to choose (adjectival) kansei words first, and then
ask people to express their feelings using these kansei words
by means of the semantic differential (SD) method [36] or its
modifications, e.g., [11], [20], [30], and [41].

In this paper, we focus on the evaluation of traditional craft
products using kansei data, taking consumer-specified prefer-
ences on kansei features of traditional products into consid-
eration. These evaluations would be helpful for marketing or
recommendation purposes [21], and would be particularly im-
portant in the era of e-commerce, where recommendation sys-
tems have become an important research area [1]. It should be
emphasized here that artistic and aesthetic aspects play a crucial
role in perception of traditional crafts, and therefore, kansei data
are essential and necessary for evaluation. Also note that many
studies of Kansei engineering or other consumer-oriented design
techniques have involved an evaluation process in which, for ex-
ample, a design could be selected for production [37]. However,
Kansei-based evaluations1 of existing products have generally
received less attention [25], in particular, for traditional craft
products.

Generally, evaluations for ranking and selection are two
closely related, common facets of human decision-making ac-
tivities, in practice. So far, decision analysis approaches have
been widely applied to a variety of evaluation problems in the
literature [5], [7], [26], [37]–[40], [42], [51]. Particularly, in
the area of engineering management, Sarkis and Sundarraj [40]
have developed a decision model for high-level assessment of
enterprise information technology systems. Chu et al. [7] pro-
posed to use a nonadditive fuzzy integral-based decision model
for performance assessment of organizational transformations
in enhancing a firm’s core competencies. Shang et al. [39] have
developed a multicriteria decision model for evaluation of trans-
portation projects, while Zhou et al. [51] and Sun et al. [42] have

1Here, by a “Kansei-based evaluation,” we mean an evaluation using kansei
data of subjective feelings.

0018-9391/$26.00 © 2009 IEEE
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applied group decision support models for journal quality as-
sessment and evaluation of experts in R&D project selection,
respectively. Here, in the present paper, we aim at proposing and
developing an evaluation model for Japanese traditional crafts
using kansei data and consumer-specified preferences, making
use of the fuzzy target-based decision model that was recently
developed by Huynh et al. [18].

In order to do so, as mentioned earlier, preliminary research
was conducted to select kansei words, and then a population of
subjects was gathered for collecting kansei assessment data of
traditional crafts. The SD method was used as a measurement
instrument. Using the voting statistics (as considered by, e.g.,
Balwin et al. [3] and Lawry [23] regarding the voting model
semantics for linguistic variables [46]–[48]), these kansei
assessment data are then used to generate kansei profiles of pat-
terns to be evaluated; later, these profiles will eventually serve
as the knowledge for a consumer-oriented evaluation. Because
the preference on traditional crafts varies from person to person
depending on personal character, feelings, and aesthetics, we
will introduce a recommendation procedure that generates an
evaluation function V : O → [0, 1] at run time according to
consumer’s request and available kansei assessment data. Here,
O is the set of evaluated patterns or objects and V (o) is inter-
preted as the degree to which pattern o meets the consumer’s
preference. Basically, our approach is based on the appealing
idea of target-based decision analysis [4], in which consumer is
assumed to be interested only in patterns meeting her personal
needs.

In a different, but similar context, Martı́nez [26] has recently
proposed to use linguistic decision analysis for sensory evalua-
tion based on the linguistic 2-tuple representation model [13].
Though the knowledge used for sensory evaluation is also ac-
quired by means of human senses of sight, taste, touch, smell,
and hearing, we want to use the term Kansei-based evalua-
tion here, as its research context is closely linked to Japanese
culture. In addition, Martı́nez’s model considers the evaluation
problem as a multiexpert/multicriteria decision-making prob-
lem, and assumes a consistent order relation over the qualita-
tive evaluation scale treated as the linguistic term set of a lin-
guistic variable [46]–[48]. Typically, Martı́nez’s model yields
an overall ranking of evaluated objects, which is clearly in-
appropriate for the purpose of personalized recommendations.
By contrast, in our model, the preference order on the qual-
itative scale according to a kansei feature will be determined
adaptively depending on a particular consumer’s preferences.
Note that the personal preference of consumers plays a strongly
influential role in purchasing decisions of traditional arts and
crafts. Furthermore, viewing multiperson assessments as un-
certain judgments regarding kansei features of traditional craft
items, a similar idea, as in uncertain decision making with fuzzy
targets [18], can be applied to work out the probability that
judgment on a kansei feature of each item meets the feeling
target set on this feature by the consumer. Then, guided by
the linguistic quantifier and also specified by the consumer, an
appropriate ordered weighted averaging (OWA) operator [43]
can be used to define the evaluation function V , as mentioned
previously.

This paper is organized as follows. Section II begins with
a brief description of the research context, and follows with
the formulation of the research problem. Section III introduces
a consumer-oriented evaluation model using kansei data, and
Section IV applies the proposed model to a case study of eval-
uating Kutani porcelain, one of the traditional craft products
of Ishikawa prefecture designated by the Japanese Ministry of
Economy, Trade and Industry (METI). Finally, some concluding
remarks are presented in Section V.

II. RESEARCH PROBLEM AND FORMULATION

A. Traditional Craft Industries in Japan

In Japan, there are a large number of traditional craft prod-
ucts that are closely connected to Japanese traditional culture.
As explained on the Web site of The Association for the Pro-
motion of Traditional Craft Industries,2 each of traditional craft
products is “unique fostered through regional differences and
loving dedication, and provides a continual wealth of pleasure.”
However, due to the rapidly changing lifestyles of younger
generations, and the prevalence of modern industrial products
with their advantages in cost and usability, the market for tradi-
tional crafts in Japan has been shrinking over recent decades. In
1974, the Japanese government (METI) enacted the so-called
Densan Law for the Promotion of Traditional Craft Industries,3

as quoted next:

Japan has a great number of items for daily use, whose development
reflects the country’s history, environment and lifestyle. Meanwhile,
because of the factors such as changing lifestyle and the development
of new raw materials, crafts manufactured with traditional methods
and materials are having hard times. Under the circumstances, METI
enacted the above law in May 1974 with the objective of promoting
the traditional crafts industry in order that traditional crafts bring
richness and elegance to people’s living and contribute to the devel-
opment of local economy, consequently, the sound development of
nation’s economy.

In addition, since 1984, METI has designated the month
of November as the Traditional Crafts Month, and conducted
publicity and educational programs related to traditional crafts
throughout Japan. All of these attempts have been not only
important from the economic perspective, but also particularly
important from the cultural perspective in maintaining a spiritual
heritage that makes the country unique.

However, with rapid growth of e-commerce in today’s busi-
ness, the Internet can be a great help in revitalizing traditional
craft industries. Manufacturers and retailers, via their Web sites,
can make their marketing better by providing a more attractive
introduction and, hopefully, personalized recommendations, or
even helping bring people back to the traditional and cultural
values concerning their products. Interestingly, as reported in a
recent Reuters’ news article by Negishi [32], the kimono4 mar-
ket could impressively improve its situation of shrinking to less
than half its size over the last two decades. This could be helped
by a host of Web sites where online tips, for instance, on kimono

2http://www.kougei.or.jp/english/promotion.html
3http://www.kansai.meti.go.jp/english/dentousangyou/top_page.html
4Described as one of Japan’s oldest works of art.
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Fig. 1. Distribution of traditional craft products in Ishikawa, Japan.

wear and care, or on selecting the right pattern kimono, play a
role.

Our main concern is about the consumer-oriented evaluation
of Japanese traditional products for the personalized recommen-
dation problem. A particular emphasis is laid on the evaluation
of traditional craft products of Ishikawa Prefecture of Japan (see
Fig. 1), where our institute, Japan Advanced Institute of Science
and Technology (JAIST), is located.

B. Formulation of the Problem

The consumer-oriented evaluation process for traditional
crafts using kansei data is graphically described in Fig. 2. Let
us denote the collection of craft patterns to be evaluated by O
and the cardinality of O by N , i.e., N = |O|.

1) Identification of Kansei Features and Measurement In-
strument: As mentioned previously, the first task in the Kansei-
based evaluation process is to identify what kansei features peo-
ple use to express their feelings regarding traditional crafts.
In the present research project, kansei features are selected
through a brainstorming process by relevant researchers, se-
nior residents, and certified masters of traditional crafts. Each
kansei feature is defined by a pair of opposing adjectives as kan-
sei words, for example, the fun feature determines the pair of
kansei words solemn and funny. Let:

1) {F1 , . . . , FK } be the set of kansei features selected, and
2) w+

k and w−
k be the opposite pair of kansei words corre-

sponding to Fk , for k = 1, . . . , K. Denote W as the set
of kansei words, i.e., W = {w+

k ,w−
k |k = 1, . . . , K}.

Then, SD method [36] is used as a measurement instrument to
design a questionnaire for gathering kansei data. It is of interest
to mention here that the SD method has been widely used in ap-
plications such as for printers [6], microelectronics [8], mobile-
phones [9], office chairs [14], cars [15], [20], telephones [16],
machine tools [25], table glasses [37], construction machin-
ery [30], waterside environment [31], and mascot design [24],
among others.

2) Gathering Information: The questionnaire using SD
method for gathering information consists of listing the
kansei features. Each kansei feature corresponds to an oppo-
site pair of kansei words that lie at either end of a qualitative
M -point scale, where M is an odd positive integer as used, for
example, in 5-point scale [31], 7-point scale [25], or 9-point
scale [22]. In our model, the qualitative scale is treated as a cat-
egorical scale, then we symbolically denote the M -point scale
by

V = {v1 , . . . , vM }

where w+
k and w−

k are, respectively, assumed to be at the ends
v1 and vM , as illustrated in Fig. 3.

The questionnaire is then distributed to a population P of
subjects, who are invited to express their emotional assessments
according to each kansei feature of craft patterns in O by using
the M -point scale. Formally, we can model the kansei data of
each craft pattern oi ∈ O according to kansei features obtained
from the assessment of subjects Sj in P , as shown in Table I,
where xjk (oi) ∈ V, for j = 1, . . . , P = |P| and k = 1, . . . , K.

3) Problem: Once the kansei assessment database has been
built, as described before, it will be utilized to generate the
so-called kansei profiles of patterns. Then these kansei profiles
will be used as the knowledge for the following evaluation.
Assume that a potential consumer is interested in looking for a
craft pattern that would meet her preference given by a proper
subset W of the set W of kansei words, as defined next. She
may then want to rate craft patterns available in O according to
her preference. In particular, we are concerned with consumer-
specified requests that can be stated generally in the form of the
following statement:

“I like craft patterns which would best meet LQ (of) my preference
specified in W ⊂ W” (�)

where LQ is a linguistic quantifier such as all, most, at least
half, as many as possible, etc. Formally, the problem can be
formulated as follows.

Given W = {w∗
k1

, . . . ,w∗
kn
} and LQ corresponding to

the request specified by consumer as linguistically stated in
(�), where ∗ stands for either + or −, and {k1 , . . . , kn} ⊆
{1, . . . , K}, the problem now is how to evaluate craft patterns
in O using kansei data and the request specified as the pair
[W,LQ]? Here, by ∗ that stands for either + or −, as men-
tioned previously, we mean that only one of the two, w+

kl
or

w−
kl

(l = 1, . . . , n), is present in W . This assumption would
be psychologically reasonable. For example, if the consumer is
interested in craft items that are funny according to the kansei
feature “fun,” then she is not interested in those items that are
solemn, the opposite of the kansei word funny.

This evaluation problem will be solved by a so-called
consumer-oriented evaluation model presented in the next sec-
tion.

III. CONSUMER-ORIENTED EVALUATION MODEL

In this section, we shall propose a consumer-oriented eval-
uation model based on the idea that a consumer will probably
be interested only in craft patterns that would best meet her
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Fig. 2. Framework of consumer-oriented evaluation using kansei data.

Fig. 3. Qualitative M -point scale for gathering kansei data.

TABLE I
KANSEI ASSESSMENT DATA OF PATTERN oi

psychological needs from the aesthetic point of view. Let us
denote the kansei assessment database about a finite set O of
craft patterns by D and the data of pattern oi (i = 1, . . . , N )
by D[oi ], as shown in Table I. The proposed model basically
consists of the following main steps. The first step is to generate
a kansei profile for each pattern oi using its data D[oi ]. Then, in
the second step, given the request specified by a consumer c as a
pair [W,LQ], an evaluation function V : O → [0, 1] is defined
taking c’s request into consideration. Lastly, a ranking order for
all patterns in O is determined according to this function V as
an answer to the request. In the following, we will describe these
three steps in detail.

A. Generating Kansei Profiles

For each pattern oi with its assessment data D[oi ] shown in
Table I, we define for each kansei feature Fk (k = 1, . . . , K) a
probability distribution fik : V → [0, 1] as follows:

fik (vh) =
|{Sj ∈ P : xjk (oi) = vh}|

|P| (1)

where | · | denotes the cardinality of the set. This distribution
fik is considered as an uncertain judgment of craft pattern oi

according to kansei feature Fk . In the same way, we can obtain
a K-tuple of distributions [fi1 , . . . , fiK ] regarding the kansei
assessment of oi and call the tuple the kansei profile of oi .
Similarly, kansei profiles of all patterns in O can be generated
from D.

It should also be emphasized here that in many papers regard-
ing Kansei engineering or other methodologies of consumer-
oriented design support, which also used the SD method for

gathering data, populations of subjects involved in experimen-
tal studies have a size ranging typically from 10 to 35 people,
(cf., [10], [22], [25], and [37]). However, for the purpose of
consumer-oriented evaluation, which the present paper is aim-
ing at, such a small size of the population P may cause a statis-
tical bias, as well as may not provide enough information from
the measurement of popularity. Therefore, a larger population
of subjects has been used for gathering kansei data. In addition,
in order to increase the reliability of subjective assessments, all
subjects were required to participate in a centralized face-to-
pattern evaluation session on a designated date. For example,
in the case study of evaluating Kutani porcelain, a population
of 211 subjects was used at a centralized evaluation session, as
described in detail in Section IV.

B. Evaluation Function

Having generated kansei profiles for all patterns oi ∈ O, as
mentioned before, we now define the evaluation function V cor-
responding to the request (�) symbolically denoted by [W,LQ],
where W = {w∗

k1
, . . . ,w∗

kn
} and LQ is a linguistic quantifier.

Intuitively, if a consumer expresses her preference for a kansei
feature such as color contrast with the kansei word bright, she
might implicitly assume a preference order on the SD scale
corresponding to color contrast toward the end v1 where bright
is placed. Conversely, if the consumer’s preference for color
contrast was dark, i.e., the opposite of the kansei word bright,
she might assume a preference order on the scale toward the end
vM where dark is placed. In other words, in consumer-oriented
evaluation using kansei data, the preference order on the SD
scale corresponding to a kansei feature should be determined
adaptively according to a particular consumer’s preference. This
can be formally formulated as mentioned next.

For each w∗
kl

∈ W , we define a complete preference order
�l on V according to the kansei feature Fkl

as follows:

vh �l vh ′ ⇔
{

h′ ≥ h, if w∗
kl

= w+
kl

h ≥ h′, if w∗
kl

= w−
kl

.
(2)

In addition, due to vagueness inherent in consumer’s expression
of preference in terms of kansei words, each w∗

kl
is considered

as the feeling target, denoted by Tkl
, of the consumer according

to kansei feature Fkl
, which can be represented as a possibility

variable [49] on V whose possibility distribution is defined as

πkl
(vh) =

{ (
M −h
M −1

)m
, if w∗

kl
= w+

kl(
h−1
M −1

)m
, if w∗

kl
= w−

kl

(3)
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Fig. 4. Preference order �l and the possibility distribution of feeling target Tk l
. (a) w∗

k l
= w+

k l
. (b) w∗

k l
= w−

k l
.

where m ≥ 0 expresses the degree of intensity of the consumer’s
feelings about the target. Intuitively, when a consumer expresses
her feeling targets using kansei words combined with linguistic
modifiers such as very, slightly, etc., to emphasize her intensity
about targets, the degree of intensity m can then be determined
similarly as in Zadeh’s method of modeling linguistic modifiers
via power functions in approximate reasoning [46]–[48]. Fig. 4
graphically illustrates these concepts for the case m = 1, which
exhibits a neutral intensity toward targets.

With the consumer’s preference specified by W , we obtain
n feeling targets Tkl

(l = 1, . . . , n) accompanying n preference
orders �l (l = 1, . . . , n) on the SD scale of kansei features Fkl

(l = 1, . . . , n), respectively. Recall that, for each l = 1, . . . , n,
the uncertain judgment of each craft pattern oi regarding the
kansei feature Fkl

is represented by the probability distribution
fikl

over V, as defined in (1). Bearing these considerations in
mind, we are now able to evaluate how the feeling performance
of a pattern oi on Fkl

, denoted by Fkl
(oi), meets the feeling

target Tkl
representing consumer’s preference on Fkl

. This can
be done as follows.

First, by making use of the possibility–probability conversion
method [44], we can transform the possibility distribution of
feeling target Tkl

into an associated probability distribution,
denoted by p̂kl

, via simple normalization as follows:

p̂kl
(vh) =

πkl
(vh)∑

v∈V

πkl
(v)

. (4)

Then, by accepting the assumption that the feeling target Tkl

is stochastically independent of feeling performance on Fkl
of

any pattern oi , we can work out the probability that the feeling
performance Fkl

(oi) meets the feeling target Tkl
, denoted by

P(Fkl
(oi) � Tkl

), in terms of the preference order �l as

P(Fkl
(oi) � Tkl

)


= P (fikl

�l p̂kl
)

=
M∑

h=1

fikl
(vh)P (vh �l p̂kl

) (5)

where P (vh �l p̂kl
) is the cumulative probability function de-

fined by

P (vh �l p̂kl
) =

∑
vh �l vh ′

p̂kl
(vh ′). (6)

It is of interest to note here that a similar idea has also been
recently used in [17] for developing the so-called satisfactory-
oriented linguistic decision model. Intuitively, the quantity
P(Fkl

(oi) � Tkl
) defined before could be interpreted as the

probability of “the feeling performance on Fkl
of oi meeting the

feeling target Tkl
specified by a consumer on Fkl

.” Then, with
these probabilities P(Fkl

(oi) � Tkl
) = Pkl i , for l = 1, . . . , n,

we are able to aggregate all into an overall value by taking
the linguistic quantifier LQ into account, making use of the
so-called OWA aggregation operator [43].

An OWA operator of dimension n is a mapping

F : [0, 1]n → [0, 1]

associated with a weighting vector [w1 , . . . , wn ] such that: 1)
wl ∈ [0, 1] and 2)

∑
l wl = 1, and

F(a1 , . . . , an ) =
n∑

l=1

wlbl (7)

where bl is the lth largest element in the collection a1 , . . . , an

and weights wl can be obtained directly using fuzzy-set-based
semantics of a linguistic quantifier LQ involved in the aggrega-
tion process (see Appendix I). Regarding the problem of mul-
ticriteria aggregation [43], if al denotes the degree to which an
alternative meets someone’s requirements at the lth criterion,
then the aggregate value F(a1 , . . . , an ) indicates the degree to
which the alternative meets someone’s requirements with re-
spect to the criteria.

Under such a semantics of OWA operators, we are now ready
to define the evaluation function, for any oi ∈ O, as follows:

V (oi) = F(Pk1 i , . . . ,Pkn i)

=
n∑

l=1

wlPli (8)

where Pli is the lth largest element in the collection
Pk1 i , . . . ,Pkn i and weighting vector [w1 , . . . , wn ] is deter-
mined directly by using a fuzzy-set-based semantics of the lin-
guistic quantifier LQ (see Appendix I for more details). As
interpreted previously on quantities Pkl i (l = 1, . . . , n), the ag-
gregate value V (oi), therefore, indicates the degree to which
craft pattern oi meets the feeling preference derived from the
request specified by a consumer as [W,LQ].
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Fig. 5. Recommendation procedure.

C. Rating Craft Patterns

Based on the evaluation function (8) defined before, a rating
of all the craft patterns oi in O can be straightforwardly deter-
mined according to their values V (oi) by a sorting algorithm
for real numbers. The obtained rating is then considered as the
recommendation to the request [W,LQ].

For the sake of convenience, the evaluation procedure de-
scribed before is summarized and algorithmically presented in
Fig. 5.

In the following section, we shall apply this model to evaluat-
ing Kutani porcelain,5 a traditional craft industry with a history
dating back to the seventeenth century, of Kutani pottery village
in Ishikawa Prefecture.

IV. APPLICATION TO KUTANI PORCELAIN

Within the framework of a research project supported by the
local government, a total of 30 patterns of Kutani porcelain have
been collected for Kansei-based evaluation, as photographically
shown in Fig. 6.

Before gathering kansei assessment data of these patterns for
evaluation, preliminary research was carried out to select kansei
features, in consultation with local manufacturers and shops.
Finally, 26 opposite pairs of kansei words were selected at the
end of a brainstorming process. The answer sheet is actually
in Japanese, using a qualitative 7-point scale. Kansei words are
approximately translated into English, as shown in Table II.

A. Gathering Data and Kansei Profiles

Several assessment sessions, with a total of 211 subjects in-
vited to participate, were held to gather kansei data. Among
these 211 participants, 61.1% (129) were women and 38.9%

5http://shofu.pref.ishikawa.jp/shofu/intro_e/HTML/H_S50402.html

(82) were men. The distribution of their ages is shown in
Table III. The ratio of men and women, as well as the approx-
imate age data of evaluators were considered, trying to match
the ratio in the general Japanese population, but the selection of
ages from early twenties to latter half of sixties is especially due
to these age groups being targeted as potential customers.

The data obtained are three-way data of which each pattern
Kutani#i (i = 1, . . . , 30) is assessed by all participating subjects
on all kansei features Fk , k = 1, . . . , 26.

The three-way data are then used to generate kansei pro-
files for patterns via (1), as mentioned previously. These kansei
profiles are considered as (uncertain) feeling assessments of
patterns, serving as knowledge for consumer-oriented evalua-
tion. For example, the kansei profile of pattern Kutani#10 is
graphically shown in Fig. 7.

B. Consumer-Oriented Evaluation

To illustrate how the model proposed in the preceding section
works, let us consider the following example.

Assuming a consumer’s request is specified as

[{w−
3 ,w+

7 ,w+
11 ,w

+
17 ,w

−
25 , }, as many as possible]

i.e., verbally, she would ask for craft patterns meeting as many
as possible of her feeling preferences of funny, pretty, flowery,
bright, and pale.

According to the evaluation procedure shown in Fig. 5, we
first determine preference orders on V = {v1 , . . . , v7} for fea-
tures F3 , F7 , F11 , F17 , and F25 . Using (2), we have �3 = �25
and �7 = �11 = �17 , where

v7 �3 · · · �3 v1 and v1 �7 · · · �7 v7 .

Then, using (3) for m = 2, we define feeling targets T3 , T7 , T11 ,
T17 , and T25 for features F3 , F7 , F11 , F17 , and F25 , respectively.
For the sake of simplicity, we again have T3 ≡ T25 and T7 ≡
T11 ≡ T17 with possibility distributions shown in Figs. 8 and
9, respectively.

We now determine the weighting vector of dimension 5,
denoted by w = [w1 , w2 , w3 , w4 , w5 ], according to the fuzzy-
set-based semantics of linguistic quantifier “as many as pos-
sible.” Assume that, for example, the membership function of
the quantifier “as many as possible” is defined as a mapping
Q : [0, 1] → [0, 1] such that [12]

Q(r) =
{

0, if 0 ≤ r ≤ 0.5
2r − 1, if 0.5 ≤ r ≤ 1.

We then obtain the weighting vector as w = [0, 0, 0.2, 0.4, 0.4]
using Yager’s method proposed in [43] (refer to (14) in
Appendix I).

With these preparations done, we are now ready to use (4)
and (5) for computing probabilities P3i , P7i , P11i , P17i , and
P25i of meeting corresponding feeling targets T3 , T7 , T11 , T17 ,
and T25 for each pattern Kutani#i (i = 1, . . . , 30). Then, using
(8), we have

V (Kutani#i) = F(P3i ,P7i ,P11i ,P17i ,P25i)
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Fig. 6. Thirty samples of Kutani porcelain used for the evaluation.

TABLE II
OPPOSITE PAIRS OF KANSEI WORDS USED FOR THE EVALUATION

TABLE III
AGE DISTRIBUTION OF SUBJECTS PARTICIPATING IN THE EVALUATION PROCESS

where F is the OWA operator of dimension 5 associated with
the weighting vector w = [0, 0, 0.2, 0.4, 0.4].

Finally, a ranking of patterns Kutani#i, i = 1, . . . , 30, ac-
cording to their values V (Kutani#i) can be easily obtained.
Table IV shows the top three patterns that would best meet the
feeling preferences funny, pretty, flowery, bright, and pale with
different typical linguistic quantifiers used.

C. Analysis of the Obtained Results

For the sake of facilitating the discussion of obtained results,
all the recommended patterns (according to typical linguistic
quantifiers used), as well as their uncertain assessments on se-
lected features F3 , F7 , F11 , F17 , and F25 , are depicted in Fig. 10.
Accordingly, the target achievements of recommended patterns
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Fig. 7. Kansei profile of Kutani#10.

Fig. 8. Possibility distribution of feeling targets T3 and T25 (m = 2).

Fig. 9. Possibility distribution of feeling targets T7 , T11 , and T17 (m = 2).

for selected features, as well as their aggregate values corre-
sponding to different quantifiers used, are shown in Table V.

First, let us consider the results according to the use of the
quantifier “there exists.” As shown in Table IV, in this case,
the top three patterns are, in order of preference, #10, #14, and
#29. According to Table V and as graphically illustrated by Fig.
10, one can intuitively observe that pattern #10 very well meets
the feeling target flowery (w+

11), followed by bright (w+
17) of

TABLE IV
QUANTIFIERS USED AND CORRESPONDING TOP THREE PATTERNS

pattern #14 and funny (w−
3 ) of pattern #29. In the case where

quantifier “at least half” is used instead of “there exists,” we
still obtain the same result because, besides the feeling target
flowery, pattern #10 has well met targets funny and bright too;
moreover, besides bright and funny, both patterns #14 and #29
are quite good at pretty. It would be worth noting here that
aggregation operator F with weighting vector corresponding to
quantifier “there exists” is a pure “OR” operator, and the one
corresponding to quantifier “at least half” still behaves like an
“OR”-type aggregation as well; namely, the degree of “orness”
(refer to (15) in Appendix I) associated with the operator F of
quantifier at least half is

orness(F) =
1
4
(4 × 0.4 + 3 × 0.4 + 2 × 0.2) = 0.8.

Now, let us look at the case of using the quantifier “as many as
possible.” Then, we obtain, in order of preference, patterns #10,
#14, and #18 as the top three. In this case, due to the require-
ment of meeting as many as possible of the five feeling targets
{funny, pretty, flowery, bright, pale}, the aggregation operator
F behaves toward an “AND” aggregation with the corresponding
degree of “andness” (refer to (16) in Appendix I) being

andness(F) = 1 − orness(F)

= 1 − 1
4
(2 × 0.2 + 1 × 0.4 + 0 × 0.4)

= 0.8.

Then, pattern #10 in this case is still the most recommended one,
having the highest aggregate value, which is the weighted sum of
its three lowest degrees of target achievement for funny, pretty,
and pale. Though it has a very bad score of 0.035 in meeting the
pale target, its target achievements on funny and pretty are very
good, making it the first recommended one. Pattern #14 in this
case becomes the second recommended one having the second
highest aggregate value of target achievement for funny, flowery,
and pale, while having good scores in achieving pretty and bright
targets. Looking at Fig. 10, one may have the impression that the
uncertain judgments of patterns #14 and #18 on correspondingly
selected features are somewhat similar. More concretely, pattern
#18 has the third highest aggregate value of its three lowest
degrees of target achievement also for funny, flowery, and pale,
like the case of pattern #14, as shown in Table V.

Finally, if quantifier “All” is used, the aggregation operator F
is a pure “AND” operator, i.e., andness(F) = 1. In this case, we
see that both patterns #10 and #14 disappear from the top three
recommended items due to their target achievements of 0.035
and 0.121, respectively, for pale, while pattern #27 becomes the
first recommended item, followed by patterns #30 and #29 that
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Fig. 10. Recommended patterns and those uncertain judgments for selected features.

TABLE V
TARGET ACHIEVEMENTS FOR SELECTED FEATURES OF

RECOMMENDED PATTERNS

have the second and third highest aggregate values, respectively.
We can observe that pattern #30 is clearly not very good at
meeting any of the five feeling targets, as shown in Table V, it,
however, is also not actually bad at target achievement for all

five and, therefore, the purely AND aggregation associated with
quantifier “All” would appropriately value it highly.

D. Comparative Study

The consumer-oriented evaluation model described before
can be essentially viewed as a target-based multiattribute eval-
uation model, where each traditional craft item is evaluated in
terms of its achievement on multiple feeling targets specified by
a consumer. In order to ascertain the efficiency of this method,
as well as to gain insight into how it works, we will conduct
in this section a comparative study of the multiattribute evalu-
ation method, making use of linguistic decision analysis with
the 2-tuple linguistic representation model [13]. The main rea-
son for using the 2-tuple-based evaluation approach is due to
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Fig. 11. Linguistic values and their relation to a pair of kansei words.

its advantage over conventional fuzzy-set-based and symbolic
approaches; it overcomes the limitations of the loss of infor-
mation yielded by the process of linguistic approximation, and
the lack of precision in final results inherently faced by these
conventional approaches.

To make the 2-tuple linguistic representation model applica-
ble to the evaluation problem at hand, we will treat qualitative
assessments regarding each kansei feature given in the 7-point
scale as linguistic assessments, accordingly taken from the set
S of seven linguistic terms, as described in Fig. 11.

In the 2-tuple representation model, linguistic information
is represented by a linguistic 2-tuple (s, α) composed of a
linguistic term s ∈ S and a number α ∈ [−0.5, 0.5). The de-
tailed definitions and 2-tuple aggregation operators are shown in
Appendix II. Now, the evaluation method based on the 2-tuple
representation model can be formulated as follows.

Given a request [W,LQ] with W = {w∗
k1

, . . . ,w∗
kn
} and LQ

as a linguistic quantifier, let us decompose the set of indexes
I = {k1 , . . . , kn} into two disjoint subsets I+ and I− such that

I+ = {kj ∈ I|w∗
kj

= w+
kj
} I− = {kj ∈ I|w∗

kj
= w−

kj
}.
(9)

Then, for each object oi ∈ O, the performance of oi on the
kansei feature Fkj

is evaluated by

Vkj
(oi) = ∆

(∑
s∈S

fikj
(s)∆−1(s, 0)

)
, if kj ∈ I− (10)

and

Vkj
(oi) = ∆

(∑
s∈S

fikj
(s)∆−1(Neg((s, 0)))

)
, if kj ∈ I+

(11)
where fikj

(s) is defined by

fikj
(s) =

|{Sh ∈ P : xhkj
(oi) = s}|

|P| (12)

i.e., Vkj
(oi) is the mean value of uncertain linguistic assessment

of oi regarding the kansei feature Fkj
computed by means of

linguistic 2-tuples. Once values Vkj
(oi) have been computed

for all features Fkj
, kj ∈ I, the overall performance of oi is

calculated by aggregating all of them using an OWA operator F
of dimension n similar to (8), such as

V (oi) = F(Vk1 (oi), . . . , Vkn
(oi))

with the associated weighting vector [w1 , . . . , wn ] determined
by using the fuzzy-set-based semantics of linguistic quantifier
LQ.

Let us return to the consumer’s request as considered before
with

W = {w−
3 ,w+

7 ,w+
11 ,w

+
17 ,w

−
25 , }.

TABLE VI
QUANTIFIERS USED AND CORRESPONDING TOP THREE ITEMS USING THE

2-TUPLE-BASED METHOD

Then, we have I+ = {7, 11, 17} and I− = {3, 25}. Using the
2-tuple-based computational method just described, we obtain
the results of the top three recommended items with different
linguistic quantifiers applied, as shown in Table VI. Table VII
shows the performance of these items regarding the selected
kansei features and their aggregate values on which the rankings
are based on.

As we have seen from Table VI, the result yielded by the
2-tuple-based method is quite different from that obtained by
the target-based method, as shown in Table IV, except for the
case of quantifier “there exists.” Particularly, in the first case
with quantifier “as many as possible,” pattern #10 that was
ranked first by the target-based method disappears from the top
three recommended items, while pattern #14 becomes the first,
followed by #30 and #29 as the second and the third, respec-
tively. It is of interest to note here that, as mentioned previously,
the uncertain judgments of patterns #14 and #18 on correspond-
ingly selected features are somewhat similar. However, #18 that
was ranked third by the target-based method drops out of the top
three. A position interchange of patterns #27 and #29 happens
when compared with the result by the target-based method for
the case of quantifier “All.” In the case of quantifier “at least
half,” pattern #03 becomes the third, instead of #29 that was
recommended by the target-based method.

The difference in results of rankings between the two meth-
ods occurs because in the 2-tuple-based method, only pref-
erences over the linguistic term set S induced from the con-
sumer’s request are taken into account, while the target-based
method considers not only these preferences, but also feeling tar-
gets specified by the consumer. From a decision analysis point
of view, after determining consumer-specified preferences, the
2-tuple-based method applies the expected value model [refer
to (10) and (11)] to evaluate the performance of an object re-
garding each kansei feature specified by the consumer. Thus, as
discussed by Huynh et al. [18], the 2-tuple-based method works
similarly to the target-based method when the “neutral target”
is used. In particularly, if we define targets as

πkl
(vh) = 1

instead of the targets defined in (3), then the result obtained by
the target-based method is the same as that produced by the
2-tuple-based method. This means that the target-based method
can provide recommendations that would interestingly reflect
attitudes of consumers about feeling targets, whilst those rec-
ommended by the 2-tuple-based method would not do so.



HUYNH et al.: TARGET-BASED DECISION-MAKING APPROACH TO CONSUMER-ORIENTED EVALUATION MODEL 585

TABLE VII
PERFORMANCE OF RECOMMENDED ITEMS FOR SELECTED FEATURES USING THE 2-TUPLE-BASED METHOD

V. CONCLUDING REMARKS

In summary, in this paper, we have first formulated the eval-
uation problem of Japanese traditional crafts, in which prod-
uct items are essentially evaluated according kansei features
reflecting aesthetic aspects of human perception. As, in prac-
tice, decisions on which traditional items to purchase or use
are heavily influenced by personal feelings/characteristics, we
have proposed a consumer-oriented evaluation model that tar-
gets these requests specified by consumers’ feeling preferences.
Particularly, the proposed evaluation model aims at providing
a recommendation to a particular consumer regarding which
product items would best meet her feeling preferences prede-
fined. A case study of evaluating Kutani porcelain patterns has
also been conducted to illustrate the proposed evaluation model.

Note that the focus of this paper is on the evaluation of tra-
ditional craft products using kansei data, this evaluation would
hopefully serve the purpose of highly individualized recom-
mendations, rather than being used for the purpose of product
design, on which most previous studies of Kansei engineering
have focused. The main aim of many Kansei engineering stud-
ies is to develop the product prototypes that would generate
specific consumer feelings. In these studies, discovering rela-
tionships between kansei data and design elements is essential,
and plays a crucial role. For this task, traditionally, Kansei en-
gineering methods utilized multivariate statistical analysis such
as principle component analysis and regression analysis, which
typically treat kansei data as numerical data, together with the
assumption of the existence of linear relations between con-
sumer affections and design elements. However, it is also argued
that assessments of some kansei features may show nonlinear
characteristics compared to the horizontal numerical change on
design elements, and therefore, applying multivariate analysis to
these kansei data might not be appropriate [2], [29]. Recently, it
has been shown that rough set theory can be properly applied to
analyze kansei data [33]–[35] in Kansei engineering, irrespec-
tive of linear or nonlinear characteristics, in which kansei data
are conventionally treated as categorical data. However, despite
the differences in techniques applied, the SD method is still the
most commonly used instrument for gathering kansei data. As
the evaluation purpose of the present paper is for personalized
recommendations and not for product design, the evaluation
process was not involved in the aforementionedmentioned re-
lationships between consumer feelings and design elements,

and the kansei data were treated symbolically similar as in the
rough-set-based approach.

Typically, the proposed recommendation method aims to
maximize the probability of a product meeting feeling targets
specified by a particular consumer, in which preference relations
over the SD scale toward either of the opposite kansei words
are determined directly by the consumer’s feeling targets. Al-
though this approach is an appealing and intuitively natural
approach to consumer-oriented evaluation making use of target-
oriented decision analysis, some directions remain in which we
must extend our proposed approach before hopefully bringing
it into practical application. First, it is helpful not only in taking
(qualitative) kansei features, but also quantitative features of
traditional products, such as price and size, into consideration
in the evaluation framework. Second, though we have taken un-
certainty in assessments of kansei features into our formulation
in the proposed evaluation method, by treating kansei data as
categorical data, we may have possibly ignored the ambiguous
characteristics inherent to human judgments regarding kansei
features. This can be addressed with the help of fuzzy sets and
fuzzy-set-based extension of target-oriented decision analysis
developed recently in [19]. Finally, we want to apply the pro-
posed method to an online store, and see how it would satisfy
the needs of real consumers, so that possible improvements can
be developed.

APPENDIX I

OWA OPERATORS AND LINGUISTIC QUANTIFIERS

The notion of OWA operators was first introduced in [43]
regarding the problem of aggregating multicriteria to form an
overall decision function. Since its invention by Yager in [43],
OWA operator has been extensively studied, and has been found
useful in many applications of information fusion and decision
making (see, e.g., [45] and references therein). By definition, an
OWA operator of dimension n is a mapping

F : [0, 1]n → [0, 1]

associated with a weighting vector w = [w1 , . . . , wn ], such that:
1) wi ∈ [0, 1] and 2)

∑
i wi = 1, and

F(a1 , . . . , an ) =
n∑

i=1

wibi
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TABLE VIII
LINGUISTIC QUANTIFIERS AND THE AGGREGATION BEHAVIOR OF CORRESPONDING F

where bi is the ith largest element in the vector [a1 , . . . , an ] and
b1 ≥ b2 ≥ · · · ≥ bn . As such, the key step of this aggregation
is reordering of arguments aj in a descending order so that
the weight wi is associated with the ordered position of the
argument, rather than associated with the argument itself.

OWA operators provide a type of aggregation operator be-
tween the “AND” and the “OR” aggregations. As suggested by
Yager [43], there exist at least two methods for obtaining weights
wi’s. The first approach is to use some kind of learning mecha-
nism, i.e., we use some sample data, arguments, and associated
aggregate values, and try to fit the weights to this collection of
sample data. The second approach is to give some semantics
or meaning to the weights. Then, based on these semantics, we
can directly provide the values for the weights. For the purpose
of this paper, let us introduce the semantics based on fuzzy
linguistic quantifiers for the weights.

The fuzzy linguistic quantifiers were introduced by Zadeh
in [50]. According to Zadeh, there are basically two types of
quantifiers: absolute and relative. Here, we focus on the relative
quantifiers typified by terms such as most, at least half, and
as many as possible. A relative quantifier Q is defined as a
mapping Q : [0, 1] → [0, 1] verifying Q(0) = 0, there exists r ∈
[0, 1] such that Q(r) = 1, and Q is a nondecreasing function.
For example, the membership function of relative quantifiers
can be simply defined [12] as

Q(r) =




0, if r < a
r−a
b−a , if a ≤ r ≤ b
1, if r > b

(13)

with parameters a, b ∈ [0, 1].
Then, Yager [43] proposed to compute the weights wi’s based

on the linguistic quantifier represented by Q as follows:

wi = Q

(
i

n

)
− Q

(
i − 1

n

)
, for i = 1, . . . , n. (14)

In addition, the so-called measure “orness” of OWA operator F
associated with weighting vector w = [w1 , . . . , wn ] is defined
as

orness(F) =
1

n − 1

n∑
i=1

((n − i) × wi). (15)

This measure of “orness” indicates to which degree the opera-
tor F behaves like an “OR” aggregation. Also, the measure of
“andness” associated with F is defined as the complement of
its “orness.,” then

andness(F) = 1 − orness(F) (16)

which indicates how much degree the operator F behaves like
an “AND” aggregation.

Table VIII provides typical examples of linguistic quantifiers
associated with their membership functions, all of which are
taken from the literature [12], [43], and the aggregation behavior
of corresponding OWA F for the case n = 5, which has been
used for illustration in Section IV.

APPENDIX II

COMPUTATIONAL MODEL BASED ON LINGUISTIC 2-TUPLES

The 2-tuple linguistic representation model has been pro-
posed by Herrera and Martı́nez [13] in order to provide an
appropriate tool for computing with words, which aims at over-
coming the limitation of the loss of information caused by the
process of linguistic approximation in the conventional fuzzy-
set-based and symbolic approaches.

A. 2-Tuple Representation of Linguistic Information

Let S = {s0 , . . . , sg} be a linguistic term set on which a total
order is defined as: si ≤ sj ⇔ i ≤ j. In addition, a negation
operator Neg can be defined by: Neg(si) = sj such that j =
g − i, where g + 1 is the cardinality of S. In general, applying
a symbolic method for aggregating linguistic information often
yields a value β ∈ [0, g] and β ∈ {0, . . . , g}, then a symbolic
approximation must be used to get the result expressed in S.

To avoid any approximation process that causes a loss of
information in the processes of computing with words, al-
ternatively, the 2-tuple linguistic representation model takes
S × [−0.5, 0.5) as the underlying space for representing in-
formation. In this representation space, if a value β ∈ [0, g]
represents the result of a linguistic aggregation operation, then
the 2-tuple (si, α) that expresses the information equivalent to
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β is obtained by means of the following transformation:

∆ : [0, g] −→ S × [−0.5, 0.5)

β �−→ (si, α)

with {
i = round(β)
α = β − i

and then, α is called a symbolic translation, which supports
the “difference of information” between the value β ∈ [0, g]
obtained after a symbolic aggregation operation, and the closest
value in {0, . . . , g} indicating the index of the best matched
term in S.

Inversely, a 2-tuple (si, α) ∈ S × [−0.5, 0.5) can also be
equivalently represented by a numerical value in [0, g] by means
of the following transformation:

∆−1 : S × [−0.5, 0.5) −→ [0, g]

(si, α) �−→ ∆−1(si, α) = i + α.

Under such transformations, it should be noted here that any
original linguistic term si in S is then represented by its equiv-
alent 2-tuple (si, 0) in the 2-tuple linguistic model.

B. Comparison of Linguistic 2-Tuples and Negation

The comparison of linguistic information represented by 2-
tuples is defined as follows. Let (si, α1) and (sj , α2) be two
2-tuples, then the following holds.

1) if i < j, then (si, α1) is less than (sj , α2).
2) if i = j, then

a) if α1 = α2 , then (si, α1) and (sj , α2) represent the
same information;

b) if α1 < α2 , then (si, α1) is less than (sj , α2);
c) if α1 > α2 , then (si, α1) is greater than (sj , α2).

Using two 2-tuple transformations defined before, the nega-
tion operator over 2-tuples is defined as follows:

Neg((si, α)) = ∆(g − (∆−1(si, α))). (17)

C. Aggregation of Linguistic 2-Tuples

Making use of 2-tuple transformations ∆ and ∆−1 , linguis-
tic information represented by 2-tuples can be transformed into
numerical information and vice versa without loss of informa-
tion. Therefore, many aggregation operators proposed in the
literature for dealing with numerical information can be easily
extended to work with linguistic 2-tuples [13].

Let x = [(r1 , α1), . . . , (rn , αn )] be a vector of linguistic
2-tuples, the 2-tuple arithmetic mean xe is computed as

xe((r1 , α1), . . . , (rn , αn )) = ∆

(
n∑

i=1

1
n

∆−1(ri, αi)

)
. (18)

When different 2-tuples xi = (ri, αi) have different numerical
weights indicating their relative importance in the aggregation,
the weighted average operator over 2-tuples is then defined as

follows:

xw ((r1 , α1), . . . , (rn , αn )) = ∆
(∑n

i=1 wi∆−1(ri, αi)∑n
i=1 wi

)
(19)

where w = [w1 , . . . , wn ] is the weighting vector associated with
x.

ACKNOWLEDGMENT

The authors would like to thank the Department Editor,
J. Sarkis, and the anonymous referees for their constructive
comments on an earlier version of this paper, and M. A. Moora-
dian for the editorial assistance.

REFERENCES

[1] G. Adomavicius and A. Tuzhilin, “Toward the next generation of recom-
mender systems: A survey of the state-of-the-art and possible extensions,”
IEEE Trans. Knowl. Data Eng., vol. 17, no. 6, pp. 734–749, Jun. 2005.

[2] M. Arakawa, W. Shiraki, and H. Ishikawa, “Kansei design using genetic
algorithms,” in Proc. 1999 IEEE Int. Conf. Syst., Man, Cybern., vol. 6,
pp. 284–289.

[3] J. F. Baldwin, J. Lawry, and T. P. Martin, “A mass assignment theory of
the probability of fuzzy events,” Fuzzy Sets Syst., vol. 83, pp. 353–367,
1996.

[4] R. Bordley. (2002). “Foundations of target-based decision theory,” in De-
cision Analysis, From: Encyclopedia of Life Support Systems (EOLSS),
H. W. Brachinger, P. A. Monney, Eds. Oxford, U.K.: Eolss Publishers.
[Online]. Available: http://www.eolss.net

[5] D. Bouyssou, T. Marchant, M. Pirlot, P. Perny, A. Tsoukias, and P. Vincke,
Evaluation and Decision Models: A Critical Perspective. Boston, MA:
Kluwer, 2001.

[6] W. C. Chang and Y. T. Van, “Researching design trends for the redesign
of product form,” Des. Stud., vol. 24, pp. 173–180, 2003.

[7] M.-T. Chu, J. Z. Shyu, G.-H. Tzeng, and R. Khosla, “Using nonadditive
fuzzy integral to assess performances of organizational transformation
via communities of practice,” IEEE Trans. Eng. Manag., vol. 54, no. 2,
pp. 327–339, May 2007.

[8] M. C. Chuang and Y. C. Ma, “Expressing the expected product images
in product design of micro-electronic products,” Int. J. Ind. Ergonom.,
vol. 27, pp. 233–245, 2001.

[9] M. C. Chuang, C. C. Chang, and S. H. Hsu, “Perceptual factors underlying
user preferences toward product form of mobile phones,” Int. J. Ind.
Ergonom., vol. 27, pp. 247–258, 2001.

[10] T. Childs, A. de Pennington, J. Rait, T. Robins, K. Jones, C. Work-
man, S. Warren, and J. Colwill, “Affective design (Kansei engineering) in
Japan”, Faraday Packaging Partnership, Univ. Leeds, Leeds, U.K., 2001.

[11] K. Grimsæth, “Kansei engineering: Linking emotions and product fea-
tures,” Norwegian Univ. Sci. Technol., Trondheim, Norway, Rep., 2005.

[12] F. Herrera, E. Herrera-Viedma, and J. L. Verdegay, “A linguistic decision
process in group decision making,” Group Decis. Negotiation, vol. 5,
pp. 165–176, 1996.

[13] F. Herrera and L. Martı́nez, “A 2-tuple fuzzy linguistic representation
model for computing with words,” IEEE Trans. Fuzzy Syst., vol. 8, no. 6,
pp. 746–752, Dec. 2000.

[14] S. W. Hsiao and C. H. Chen, “A semantic and shape grammar based
approach for product design,” Des. Stud., vol. 18, pp. 275–296, 1997.

[15] S. W. Hsiao and H. P. Wang, “Applying the semantic transformation
method to product form design,” Des. Stud., vol. 19, pp. 309–330, 1998.

[16] S. H. Hsu, M. C. Chuang, and C. C. Chang, “A semantic differential study
of designers’ and users’ product form perception,” Int. J. Ind. Ergonom.,
vol. 25, pp. 375–391, 2000.

[17] V. N. Huynh and Y. Nakamori, “A satisfactory-oriented approach to multi-
expert decision-making under linguistic assessments,” IEEE Trans. Syst.,
Man, Cybern. B, Cybern., vol. 35, no. 2, pp. 184–196, Apr. 2005.

[18] V. N. Huynh, Y. Nakamori, M. Ryoke, and T. B. Ho, “Decision making
under uncertainty with fuzzy targets,” Fuzzy Optim. Decis. Making, vol. 6,
no. 3, pp. 255–278, 2007.

[19] V. N. Huynh, Y. Nakamori, and J. Lawry, “Decision making under un-
certainty with fuzzy targets,” IEEE Trans. Fuzzy Syst., vol. 16, no. 2,
pp. 371–387, Apr. 2008.



588 IEEE TRANSACTIONS ON ENGINEERING MANAGEMENT, VOL. 57, NO. 4, NOVEMBER 2010

[20] T. Jindo and K. Hirasago, “Application studies to car interior of Kansei
engineering,” Int. J. Ind. Ergonom., vol. 19, pp. 105–114, 1997.

[21] Y. Kudo, S. Amano, T. Seino, and T. Murai, “A simple recommendation
system based on rough set theory,” Kansei Eng. Int., vol. 6, no. 3, pp. 19–
24, 2006.

[22] H.-H. Lai, Y.-M. Chang, and H.-C. Chang, “A robust design approach for
enhancing the feeling quality of a product: A car profile case study,” Int.
J. Ind. Ergonom., vol. 35, pp. 445–460, 2005.

[23] J. Lawry, “A framework for linguistic modeling,” Artif. Intell., vol. 155,
pp. 1–39, 2004.

[24] R. Lin, P. C. Lin, and K. J. Ko, “A study of cognitive human factors in
mascot design,” Int. J. Ind. Ergonom., vol. 23, pp. 107–122, 1999.

[25] S. Mondragón, P. Company, and M. Vergara, “Semantic Differential ap-
plied to the evaluation of machine tool design,” Int. J. Ind. Ergonom.,
vol. 35, pp. 1021–1029, 2005.

[26] L. Martı́nez, “Sensory evaluation based on linguistic decision analysis,”
Int. J. Approx. Reason., vol. 44, pp. 148–164, 2007.

[27] M. Nagamachi, “Kansei engineering: A new ergonomic consumer-
oriented technology for product development,” Int. J. Ind. Ergonom.,
vol. 15, no. 1, pp. 3–11, 1995.

[28] M. Nagamachi, “Kansei as powerful consumer-oriented technology for
product development,” Int. J. Ind. Ergonom., vol. 33, pp. 289–294, 2002.

[29] M. Nagamachi, “Kansei engineering and rough sets model,” in Proc.
5th Int. Conf. Rough Sets Current Trends in Comput. (Lecture Notes in
Artificial Intelligence, 4259)., New York: Springer-Verlag, 2006, pp. 27–
36.

[30] K. Nakada, “Kansei Engineering research on the design of construction
machinery,” Int. J. Ind. Ergonom., vol. 19, pp. 129–146, 1997.

[31] Y. Nakamori and M. Ryoke, “Treating fuzziness in subjective evaluation
data,” Inf. Sci., vol. 176, pp. 3610–3644, 2006.

[32] M. Negishi, “Kimono retailers go digital,” REUTERS, May. 19, 2007.
[33] T. Nishino and M. Nagamachi, “Rough set analysis on kansei evaluation

of color and kansei structure,” in Proc. 4th Int. QMOD Conf., 2001,
pp. 543–550.

[34] T. Nishino, M. Nagamachi, and H. Tanaka, “Variable precision Bayesian
rough set model and its application to human evaluation data,” in Proc.
10th Int. Conf. Rough Sets, Fuzzy Sets, Data Mining, and Granular Com-
put. (Lecture Notes in Artificial Intelligence, 3641)., New York: Springer-
Verlag, 2005, pp. 294–303

[35] K. Okuhara, Y. Matsubara, and N. Ueno, “Extraction of relationship among
Kansei words by expert system using rough set analysis,” in Proc. Int.
Conf. Active Media Tech., 2005, pp. 461–466.

[36] C. E. Osgood, G. J. Suci, and P. H. Tannenbaum, The Measurement of
Meaning. Urbana, IL: Univ. of Illinois Press, 1957.

[37] J.-F. Petiot and B. Yannou, “Measuring consumer perceptions for a better
comprehension, specification and assessment of product semantics,” Int.
J. Ind. Ergonom., vol. 33, pp. 507–525, 2004.

[38] D. Ruan and X. Zeng, Eds., Intelligent Sensory Evaluation: Methodolo-
gies and Applications. Berlin, Germany: Springer-Verlag, 2004.

[39] J. S. Shang, Y. Tjader, and Y. Ding, “A unified framework for multicriteria
evaluation of transportation projects,” IEEE Trans. Eng. Manag., vol. 51,
no. 3, pp. 300–313, Aug. 2004.

[40] J. Sarkis and R. P. Sundarraj, “Evaluation of enterprise information tech-
nology: A decision model for high-level consideration of strategic and op-
erational issues,” IEEE Trans. Syst., Man, Cybern. C, Appl. Rev., vol. 36,
no. 2, pp. 260–273, Mar. 2006.
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