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In today’s increasingly competitive market, consumers usually have to face a huge number of products with different designs
but having the same use. Therefore, an important problem for manufacturers is to attract consumers by special designs of the
products. This paper aims at the improvement of a consumer-oriented approach in recommending products, and proposing
a recommendation system for Japanese traditional crafts based on target-oriented fuzzy method and ontological engineering.
Specifically, a target-oriented fuzzy method is used for measuring the fitness of a selected attribute to a certain object. Two
aggregation models for dealing with a multiattribute evaluation and ranking are introduced; four ranking methods are also
examined for getting a recommendation list. To test the aggregation models and the ranking methods, a recommendation system
was developed and a comparison test was conducted.

1. Introduction

Nowadays, the design and sense of a product is increasingly
important in marketing, since consumers put more attention
to their sensibilities or to feelings of the products, not only to
the quality of the products. In today’s increasingly competi-
tive market, consumers usually have to face a huge number
of products with different designs but having the same use
[1]. Therefore, it is an important problem for manufacturers
to attract consumers by special designs of the products.
Because consumers accept a tacit understanding that the
quality of product is appropriate (consumers cannot know
the quality before they buy the product), they usually focus
on their subjective feelings of the products when they select
the products, so the design is now becoming as important as
the quality of a product [2]. Thus it is necessary to further
develop a consumer-oriented approach in recommending
products; such approach focuses on the satisfactions of the
consumers’ requirements. This issue has received increasing
attention in the research of consumer-oriented design and
Kansei Engineering since the 1970s. Kansei Engineering,
which was invented by Nagamachi at Hiroshima University
in the 1970s which was and defined as “translating technology

of a consumer’s feeling and image for a product into design
elements” [3], has been proved to be an efficient and suc-
cessful approach in many fields [4, 5], such as automotive,
home electronics, officemachines, cosmetics, food and drink,
packaging, building products, and other sectors [6]. The
word Kansei expresses the subjective feelings of a product
by people’s immanent phenomenological perception using all
senses, viewing, hearing, touching, smelling, and other ways
[5]. In Kansei-related researches, the most common method
of the collection of data is the semantic differential (SD)
method, which uses a set of adjectives and asks evaluators
to express their feeling to an object with those words [5,
7–10], and for the personalization in Kansei-engineering,
the fuzzy-theory-based methods have been improved as an
efficient solution, which have been used in many fields, such
as medicine, industry [11, 12].

Many studies of Kansei Engineering or other consumer-
oriented decision-making technologies have been used in
many decision-support fields [2], even in commercial prod-
ucts and traditional crafts.These issues are studied in order to
be helpful for marketing or recommendation purposes [13],
particularly in e-commerce [14].
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When consumers express their requirements for purchas-
ing products, they usually have a multiattribute expression;
this means that an aggregation model of those attributes
becomes an important part in matching consumer’s require-
ments.We can suppose that the requirement of the consumer
is a whole entity, and we can use the Kansei words selected
by consumers to describe the entity, so it would become
an ontological issue. (Ontology is understood here as a
word borrowed from philosophy to describe matching words
and concepts in computer science; more precisely, it is
sometimes called ontological engineering.On the other hand,
Kansei engineering has also connections to another part of
philosophy called phenomenology, meaning perceiving the
world as a whole, by all senses.)The consumers’ requirements
would be then interpreted as consumers’ ontological profile.

In this paper, we will focus on the evaluation of Japanese
traditional crafts, and on the personalization of consumers’
requirements by an ontological profile described by con-
sumers; some aggregation models of the multiattribute
aspects and some ranking methods will be also discussed,
including the comparison of them.

In order to propose an efficient fuzzy target-based Kansei
evaluation and multiattribute aggregation models, as it is
common in researches on Kansei Engineering, an experi-
mental study is conducted first by means of the SD method
[15] or its modifications [7–10]. In such procedure, about 60
volunteers are gathered to evaluate 30 traditional crafts, and
a Kansei Database about the crafts is obtained. This database
is the starting point of this paper, in which a fuzzy target-
based personalization method for a single Kansei word will
be proposed, and the satisfaction of the single Kansei word
selected by consumer will be measured. Next, according to
consumers’ requirements profiles, two aggregation models
and four ranking methods on multiattribute aspects will be
defined, and a recommendation ranking list will be given
to consumers. Finally, a recommendation system as an e-
commerce systemwill be developed, and a comparison about
the efficiency of different aggregation models and ranking
methods will be conducted.

2. Fuzzy Target-Oriented Decision Making

Wewill introduce a method in this paper, which canmeasure
consumer’s personal preference on products in order to find
which product can meet his/her tastes best. First of all,
we need to identify the attributes of products and show a
measurement method of the attributes to get a common
understanding of the products by an average customer;
and then, for a certain attribute selected by an individual
consumer, including the attribute’s level or target, we need
to find a way to describe how a product meets consumer’s
personal preference on these selections; in other words, we
need to measure a specific, individual consumer’s preference.

2.1. Measurement of the Attributes of the Products. We will
describe in this paper a consumer-oriented evaluation prob-
lem with Kansei data and Context data for traditional crafts
(for detail, see [16–18]). Let us denote by 𝑂 the collection of

Table 1: Kansei attributes and Context attributes list.

Kansei Attributes
(Cute, Bitter), (Soft, Hard), (Feminine, Virile), (Bustling,
Quiet),
(Luxury, Simple), (Pale Whitish, Thick), (Calm, Exhilarated),
(Sociable, Stately), (Dignified, Cordial), (Of momentum, Mild),
(Friendly, Strong), (Traditional, Modern), (Rural, Urbanized),
(Delicate, Exciting), (Fresh, Classic), (Sociable, Stately),
(Dynamic, Static), (Cold, Warm), (Light, Heavy), (Rustic,
Smart)

Context Attributes
(For young, For senior), (For myself, For gift),
(For guest, Ordinary use), (Souvenir, Wedding gift),
(For male, For female), (Western style, Japanese style)

specific crafts (products), a finite set, and let us denote its
cardinality by |𝑂| = 𝑁. There are two kinds of data in this
paper: Kansei data and Context data. Kansei data is used to
describe consumer’s feelings regarding traditional crafts, they
are defined by pairs of adjective characters; Context data is
used for describing the application situations and they are
defined by pairs of phrases (see Table 1).

Let

(1) {𝐹
1
, 𝐹
2
, . . . , 𝐹

𝐾
} be the set of selectedKansei attributes,

(2) {𝐶
1
, 𝐶
2
, . . . , 𝐶

𝑀
} be the set of selected Context

attributes.

Attribute 𝐹
𝑘
consists of a pair of Kansei words: 𝐹𝑙

𝑘
and

𝐹
𝑟

𝑘
mean the left-side Kansei word and the right-side Kansei

word of attribute 𝐹
𝑘
, 𝑘 = 1, . . . , 𝐾. We denote 𝐹 = {𝐹𝑙

𝑘
, 𝐹
𝑟

𝑘
|

𝑘 = 1, . . . , 𝐾} as the set of Kansei attributes. Attribute 𝐶
𝑚

consists of a pair of Context words: 𝐶𝑙
𝑚
and 𝐶𝑟

𝑚
mean the

left-side Context word and the right-side Context word of
attribute 𝐶

𝑚
, 𝑚 = 1, . . . ,𝑀. We denote 𝐶 = {𝐶𝑙

𝑚
, 𝐶
𝑟

𝑚
| 𝑘 =

1, . . . , 𝐾} as the set of Context attributes, and we can also
denote𝑋 as the set of all attributes, where 𝐹 ⊂ 𝑋, 𝐶 ⊂ 𝑋.

Thenwe use semantic differentialmethod tomake a ques-
tionnaire to collect both Kansei data and Context data. We
use𝑀-point method to make the questionnaire. Specifically,
to the left-side word of the paired Kansei attribute, we attach
point 1, and to the other side of the paired Kansei attribute, we
attach point𝑀; in this case,𝑀 = 7. Let us denote the𝑀-point
scale by

𝑉 = {V
1
, V
2
, . . . , V

𝑀
} , (1)

where V
𝑚
means the level of attribute. If𝑀 = 7, then therewill

be 7 levels to describe the paired attribute, and then V
𝑚
= 𝑚

and 𝑉 = {1, 2, 3, 4, 5, 6, 7}.
The questionnaire is given to the evaluators to express

their emotional assessments; we denote 𝐸 as the set of
evaluators, where |𝐸| = 𝑃. Specifically, for a certain object 𝑜

𝑖
∈

𝑂, evaluator 𝑒
𝑗
gives his/her marks on every Kansei attribute

and Context attribute; thus we denote 𝑥
𝑗𝑘
(𝑜
𝑖
) as the mark of

evaluator 𝑒
𝑗
to attribute 𝑘 of 𝑜

𝑖
, and attribute 𝑘 can be Kansei
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attributes or Context attributes. Here 𝑥
𝑗𝑘
(𝑜
𝑖
) ∈ 𝑉. Then we

can denote𝑓
𝑖𝑘
(V
ℎ
) as the distribution of the evaluators, which

is given by
𝑓
𝑖𝑘
(V
ℎ
) =


{𝑒
𝑗
∈ 𝐸 : 𝑥

𝑗𝑘
(𝑜
𝑖
) = V
ℎ
}

. (2)

2.2. Specification of Consumer’s Personal Preference. When
the database is settled, we can use it to describe how an object
meets an average consumer’s preference. Let us denote 𝑅 as
the set of individual consumer’s requirements; here 𝑅 ⊂ 𝑋.
Suppose that we concentrate on a single selected attribute
𝐹
𝑘
∈ 𝑅. Suppose that the consumer target of 𝐹

𝑘
can be

expressed as V
ℎ
∈ 𝑉. To calculate how 𝐹

𝑘
of 𝑜
𝑖
meets the

target V
ℎ
, a fuzzy target-based personalization method was

proposed in Nakamori [19]. Here we will use this idea and
make some modifications. Firstly, we can know the probable
general feelings of 𝐹

𝑘
evaluated by all evaluators and the

distribution of the evaluators’ feelings. We denote avg
𝑘
(𝑜
𝑖
)

as the average value of evaluators feelings about object 𝑖’s
attribute 𝑘, and we denote sdiv

𝑘
(𝑜
𝑖
) as the standard deviation

of these feelings.The corresponding formula is as follows:

avg
𝑘
(𝑜
𝑖
) =

∑
ℎ
V
ℎ
⋅ 𝑓
𝑖𝑘
(V
ℎ
)

∑
ℎ
𝑓
𝑖𝑘
(V
ℎ
)
, ℎ = 1, . . . ,𝑀, (3)

sdiv
𝑘
(𝑜
𝑖
) =

√
∑
𝑃

𝑗=1
(𝑥
𝑗𝑘
(𝑜
𝑖
) − avg

𝑘
(𝑜
𝑖
))
2

|𝐸|
.

(4)

According to avg
𝑘
(𝑜
𝑖
) and sdiv

𝑘
(𝑜
𝑖
), we can make a

triangle-type membership function expressed as {avg
𝑘
(𝑜
𝑖
) −

𝑐 ⋅ sdiv
𝑘
(𝑜
𝑖
), avg
𝑘
(𝑜
𝑖
), avg
𝑘
(𝑜
𝑖
) + 𝑐 ⋅ sdiv

𝑘
(𝑜
𝑖
)}, to describe the

distribution of the data, where 𝑐 is a positive number. (In this
study, we set the positive number 𝑐 = 3, which can make
the shape of the triangle-type membership function to be
reasonable; specifically, the shape should bematchedwith the
scale of the levels.) We denote this triangle-type membership
function as ℎ

𝑘
(𝑜
𝑖
, 𝑥), where 𝑥 ∈ [V

1
, V
𝑀
]. We can define

a function 𝑡V(𝑥) to measure the fitness value in different
level; V can be considered as consumer’s target of 𝐹

𝑘
, and the

formula is as follows:
𝑡
1
(𝑥) = −𝑥 + 2 1 ≤ 𝑥 < 2,

𝑡
2
(𝑥) = {

𝑥 − 1 1 ≤ 𝑥 < 2

−𝑥 + 3 2 ≤ 𝑥 < 3,

𝑡
3
(𝑥) = {

𝑥 − 2 2 ≤ 𝑥 < 3

−𝑥 + 4 3 ≤ 𝑥 < 4,

𝑡
4
(𝑥) = {

𝑥 − 3 3 ≤ 𝑥 < 4

−𝑥 + 5 4 ≤ 𝑥 < 5,

𝑡
5
(𝑥) = {

𝑥 − 4 4 ≤ 𝑥 < 5

−𝑥 + 6 5 ≤ 𝑥 < 6,

𝑡
6
(𝑥) = {

𝑥 − 5 5 ≤ 𝑥 < 6

−𝑥 + 7 6 ≤ 𝑥 < 7,

𝑡
7
(𝑥) = 𝑥 − 6 6 ≤ 𝑥 < 7.

(5)

1 2 3 4 5 6 7
avg

hk(oi, x)
t2(x)

+1

kl kr

avg − c ∗ sdiv avg + c ∗ sdiv

Figure 1: Target-oriented preference.

When the consumer set the target V, we can use 𝑡V(𝑥) and
the triangle-type membership function ℎ

𝑘
(𝑜
𝑖
, 𝑥) to calculate

the fitness value, and the formula is given by

𝑔
𝑘
(𝑜
𝑖
, V) = max

𝑥
min {ℎ

𝑘
(𝑜
𝑖
, 𝑥) , 𝑡V (𝑥)} . (6)

An example is shown in Figure 1, where the fitness value
is the height of the point in the figure.

For each attribute (generally, we use a Kansei attribute 𝐹
𝑘

as an example, where 𝑘 = 1, . . . , 𝐾), a different evaluator may
have different feelings on the same object. This means that
some evaluators may mark the attribute 𝐹

𝑘
in the 𝐹𝑙

𝑘
area,

but others may mark it in the 𝐹𝑟
𝑘
area. Therefore, when we

calculate the fitness value of an attribute for a certain object,
we should separate the paired attribute into two single parts,
which we call left part (𝐹𝑙

𝑘
area) and right part (𝐹𝑟

𝑘
area). We

denote SC𝑙
𝑖𝑘
as the significance coefficient of 𝐹

𝑘
when it is in

the left part; relatively, SC𝑟
𝑖𝑘
means the significance coefficient

when 𝐹
𝑘
is in the right part. The formula is given as follows:

SC𝑙
𝑖𝑘
=
∑
ℎ
V
ℎ
⋅ 𝑓
𝑖𝑘
(V
ℎ
)

|𝐸|
, ℎ = 1, . . . ,

𝑀 + 1

2
,

SC𝑟
𝑖𝑘
=
∑
ℎ
V
ℎ
⋅ 𝑓
𝑖𝑘
(V
ℎ
)

|𝐸|
, ℎ =

𝑀 + 1

2
, . . . ,𝑀.

(7)

These two coefficients interpret the significance of the two
sides; in other words, they can measure the distribution of
the evaluation data obtained from evaluators. The function
𝑔
𝑘
(𝑜
𝑖
, V) should be adjusted as follows:

𝑔
𝑘
𝑙 (𝑜
𝑖
, V) = SC𝑙

𝑖𝑘
⋅max
𝑥

min {ℎ
𝑘
𝑙 (𝑜
𝑖
, 𝑥) , 𝑡V (𝑥)} , (8)

𝑔
𝑘
𝑟 (𝑜
𝑖
, V) = SC𝑟

𝑖𝑘
⋅max
𝑥

min {ℎ
𝑘
𝑟 (𝑜
𝑖
, 𝑥) , 𝑡V (𝑥)} . (9)

Here V is the target of the selected Kansei attribute
𝑘. ℎ
𝑘
𝑙(𝑜
𝑖
, 𝑥) and ℎ

𝑘
𝑟(𝑜
𝑖
, 𝑥) are the triangle-type membership

functions, and the average value and the standard deviation
contained in these two triangle-type membership functions
are modified. Specifically, we only use one side of the
evaluation data of a paired attribute to calculate them. If
consumer’s target is set in the left part of the paired attribute,
we can use (8) to calculate the fitness value; correspondingly,
if the target is set in the right part of the paired attribute, then
we can use (9) to do so.
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Figure 2: Overview of the recommendation system.

3. Aggregation Models Based on
Ontological Structure

Consumer can select some attributes of the product and set
the importance coefficients of these attributes to describe
his/her requirements in this recommendation system.There-
fore, we have to face a situation that the consumer’s preference
profile includes several attributes of the products; in other
words, we face a multiattribute requirement, and we need
to integrate the multiattribute selection to obtain a scalar
measure of consumer’s preference.

As we have discussed above, there are two kinds of
attributes to describe a product: Kansei attributes and Con-
text attributes. Kansei attributes are usually expressed by the
adjective words; they are usually used to describe the sensibil-
ities of a consumer about an object.These sensibilities usually
have a vague nature for a human to describe; for example,
“a little” or “very much” can express the degree of a Kansei
word. Correspondingly, Context attributes usually express
the product’s purpose of use or characteristic of users. They
usually include some short phrases, and they are different
from Kansei attributes. A Context attribute usually has an
explicit meaning for a consumer. For example, for a Context
attribute “for seniors”, we cannot set a degree to describe this
attribute as our requirement, and it just means that we want
a product for seniors. According to these characteristics of
Context attributes, we can use an ontological structure to
describe them: specifically, we could use Context attributes as
subrequirement entities (selected Context attribute), and we
use Kansei attributes to describe these subrequirement enti-
ties.Then we could integrate these subrequirement entities as
consumer’s personal requirements.

When we use Kansei attributes to describe the subre-
quirement entity (selectedContext attribute), the relationship
between them should be taken into account. There are 4
possibilities when consumers face the relationship given as
follows.

(1) They want to decide the relations according to their
preferences freely.

(2) They want to use the same relations for different
Kansei attributes, and do not want to adjust them.

(3) They accept the relations calculated by the system, and
do not want to adjust them.

(4) They partly accept the relations calculated by the
system, but can adjust the relations in a certain
range. Within this range, the personal tastes and the
rules of the correlations between attributes can all be
considered.

In this study, we will focus on the fourth possibility, and
we will discuss it in the following part.

The overview of this recommendation system is shown
in Figure 2. There are 4 parts in this system: Interface,
Specification module, Aggregation module, and Database.
The consumer can select attributes and set their levels and
importance coefficients in the interface to describe his/her
requirement; the specification module can measure the satis-
factions of the selected attributes; the aggregationmodule can
aggregate the selected attributes andmake a recommendation
list to consumer.

As we have discussed above, we will use some results of
ontological engineering; specifically, we will split consumer’s
requirement into several subrequirement entities, and for
each entity we will use Kansei attributes to describe it.
Here we will propose two models for the aggregation of the
subrequirement entity.

3.1. Consumer Target-Based Aggregation Model. Given that
𝑅 = 𝑅

𝑐
∪ 𝑅
𝑘
as the requirements set of consumer, where 𝑅

𝑐

means the Context requirements and 𝑅
𝑘
means the Kansei

requirements, then 𝑅
𝑐
= {𝑟𝑐
1
, . . . , 𝑟𝑐

𝑥
}, 𝑅
𝑘
= {𝑟𝑘

1
, . . . , 𝑟𝑘

𝑦
}.

We have calculated how the object meets the selected
attributes 𝑟 ∈ 𝑅 separately, and then we will use a method
to aggregate them to see how the object meets the consumer’s
preference. Here we use an ontological structure to describe
consumer’s preference. Specifically, we concentrate on the
Context attributes, and we use the selected Kansei attributes
to describe them. We use the selected Kansei attribute set 𝑅

𝑘
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to describe a selected Context attribute 𝑟𝑐
𝑥
. This is some kind

of enlarged Context attribute, or we can say it is a enlarged
concept, and then we denote it as 𝑒𝑟𝑐

𝑥
∈ 𝑒𝑅
𝑐
, where 𝑒𝑟𝑐

𝑥
=

{𝑟𝑐
𝑥
, 𝑅
𝑘
}, and 𝑒𝑅

𝑐
is the set of enlarged Context attributes.

When we use Kansei attributes to describe the Context
attribute, we should know how important a Kansei attribute
to a Context attribute is. We denote 𝑓(𝑟𝑐

𝑥
, 𝑟𝑘
𝑦
) as the

importance coefficient between 𝑟𝑐
𝑥
and 𝑘
𝑦
, andwe can use the

correlation coefficient of attributes average values (see (3)) to
describe a possible strength of their relationships. Generally,
we define CC

𝑥𝑦
as the correlation coefficient between Kansei

attribute 𝑦 and Context attribute 𝑥, and we then assume the
following.

If 0.8 ≤ CC
𝑥𝑦
≤ 1, then there is a completely positive

correlation.
If 0.2 ≤ CC

𝑥𝑦
< 0.8, then there is a certain degree of

positive correlation.
If −0.2 ≤ CC

𝑥𝑦
< 0.2, then there is no correlation.

If −1 ≤ CC
𝑥𝑦
< −0.2, then there is a negative correla-

tion.

From these definitions, we can map the correlation coef-
ficient to the importance coefficient. Specifically, when the
correlation effect between a Kansei attribute and a Context
attribute is significant, this means that the Kansei attribute
is important to describe the Context attribute. Correspond-
ingly, if the correlation effect between the Kansei attribute
and the Context attribute is not significant, or it appears to
be a negative correlation effect, then the Kansei attribute is
not suitable to describe the Context attribute.We assume that
the Kansei attribute is not suitable to describe the Context
attribute when their correlation coefficient is smaller than
0.2, and we then set the importance coefficient of the Kansei
attribute to the Context attribute as 0. If their correlation
coefficient is bigger than 0.2, then we assume that there
is linear relationship between the importance coefficient
and the correlation coefficient: the linear relationship is
described by the segment AB in Figure 3. The composite line
CDB indicates a reasonable upper limit to the importance
coefficients set by a consumer; hence we define it as the upper
recommended transformation line for an adjustment range,
defined to meet consumer’s personal requirements, by which
consumer can adjust the importance coefficient in a certain
degree. This range is defined in a sense objectively by taking
into account the correlation coefficients obtained from the
database. The lower limit of the range is expressed by the
composite line CAB: specifically, if the correlation coefficient
is bigger than 0.2, then we assume that line segment AB
defines a reasonable lower limit for importance coefficients
set by the consumer. To sum up, if the correlation coefficient
is smaller than −0.2, then we set the importance coefficient
as 0; if the correlation coefficient is bigger than 0.8, then
we set the upper limit of the importance coefficient as 1; if
the correlation coefficient is in the range (−0.2–0.8), then we
assume that there are limits to the importance coefficients set
by the consumer, expressed by linear relationships between
the correlation coefficient and the importance coefficient.The
vertical lines in the shadowed area in Figure 3 indicated the

0 1

1
Importance coefficient

A

D

C

B

0.80.2−0.2−1

CCxy

Figure 3: Conversion from correlation coefficient to importance
coefficient.

range of possible importance coefficients that can be selected
by the consumer; as reasonable starting points, we can suggest
to the consumer the middle values of these ranges, denoted
on Figure 3 by a broken line.

Thus, consumers can set their preferred importance of
a Kansei attribute to a certain Context attribute, which we
denoted as 𝑠(𝑟𝑐

𝑥
, 𝑟𝑘
𝑦
). We define 𝑓

𝑙
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) and 𝑓

𝑢
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
)

as the recommended lower transformation function and the
upper transformation function (see Figure 3), respectively,
and we define𝑓

𝑟
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) as themiddle value function which

we recommend to a consumer as starting values, in detail, as
follows:

𝑓
𝑙
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) = {

0 −1 ≤ 𝑥 < 0.2

1.25𝑥 − 0.25 0.2 ≤ 𝑥 ≤ 1,

𝑓
𝑢
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) =

{{

{{

{

0 −1 ≤ 𝑥 < −0.2

𝑥 + 0.2 −0.2 ≤ 𝑥 < 0.8

1 0.8 ≤ 𝑥 ≤ 1,

𝑓
𝑟
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) =

{{

{{

{

0.5𝑥 + 0.1 −0.2 ≤ 𝑥 < 0.2

1.125𝑥 − 0.025 0.2 ≤ 𝑥 < 0.8

0.625𝑥 + 0 0.8 ≤ 𝑥 ≤ 1.

(10)

According to 𝑠(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) and (10), we can define

𝑓(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) as in (11). The equation can make the adjusted

importance coefficient in the shadow part of Figure 3 as

𝑓 (𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) =

{{{{{{{{{

{{{{{{{{{

{

𝑓
𝑟
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) + 𝑠 (𝑟𝑐

𝑥
, 𝑟𝑘
𝑦
)

⋅ (𝑓
𝑟
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) − 𝑓
𝑙
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
))

−1 ≤ 𝑠 (𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) ≤ 0,

𝑓
𝑟
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) + 𝑠 (𝑟𝑐

𝑥
, 𝑟𝑘
𝑦
)

⋅ (𝑓
𝑢
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) − 𝑓
𝑟
(𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
))

0 < 𝑠 (𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) ≤ 1.

(11)

For the enlarged Context attribute 𝑒𝑟𝑐
𝑥
, the fitness of the

object 𝑜
𝑖
can be calculated by

𝑔 (𝑜
𝑖
, 𝑒𝑟𝑐
𝑥
) = 𝑔

𝑟𝑐
𝑥

(𝑜
𝑖
, V
𝑟𝑐
𝑥

)

+ ∑

𝑟𝑘
𝑦
∈𝑅
𝑘

𝑓 (𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) ⋅ 𝑔
𝑟𝑘
𝑦

(𝑜
𝑖
, V
𝑟𝑘
𝑦

) .
(12)

Here V
𝑟𝑐
𝑥

and V
𝑟𝑘
𝑦

are the targets of the selected Context
attribute and Kansei attribute.
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Figure 4: Multiattribute aggregation process.

As it is shown in Figure 4, each selected Context attribute
can be treated as a subrequirement entity, and for each
subentity, we use all selected Kansei attributes to describe
it according to the importance coefficients and correlation
coefficients.

Then we should aggregate all 𝑒𝑟𝑐
𝑥
∈ 𝑒𝑅

𝑐
to see how

the object meets consumer’s preference. For each selected
Context attribute, the consumer can also set the importance
coefficients which describe the importance of the Context
attribute to his/her preference. We denote it by 𝑓(𝑒𝑟𝑐

𝑥
).

If we assume that all selected Context attributes have
a fuzzy logical relation “𝑂𝑅”, then it means all Context
attributes have no difference of importance, and then the
aggregation model is as follows:

𝑔 (𝑜
𝑖
) = max
𝑒𝑟𝑐
𝑥
∈𝑒𝑅
𝑐

𝑓 (𝑒𝑟𝑐
𝑥
) ⋅ 𝑔 (𝑜

𝑖
, 𝑒𝑟𝑐
𝑥
) . (13)

If we assume that the fuzzy logical relation “AND” rules
all Context attributes, then it means that the consumer wants
every selected Context attribute to meet his/her require-
ments, and then the aggregation model is as follows:

𝑔 (𝑜
𝑖
) = min
𝑒𝑟𝑐
𝑥
∈𝑒𝑅
𝑐

𝑓 (𝑒𝑟𝑐
𝑥
) ⋅ 𝑔 (𝑜

𝑖
, 𝑒𝑟𝑐
𝑥
) . (14)

For the selected Context words, there might be some
very small fitness value to an object, which will make the
final score indiscernible, so we will introduce two other
ranking methods to solve this problem. These two methods
follow the essential criteria and compensable criteria. The
compensable criteria means that a large value of criteria will
compensate a small one, and it is some kind of weighted
average approach; the essential criteriameans that all criteria
should have reasonably large values, and it is some kind
of reference point method (RPM) which was proposed by
Wierzbicki et al. [20]. First, we should compute the statistical

mean to see the average fitness of all objects for a given
selected Context attribute:

𝑔av (𝑒𝑟𝑐𝑥) = ∑

𝑜
𝑖
∈𝑂

𝑓 (𝑒𝑟𝑐
𝑥
) ⋅ 𝑔 (𝑜

𝑖
, 𝑒𝑟𝑐
𝑥
)

|𝑂|
, (15)

where 𝑔(𝑜
𝑖
, 𝑒𝑟𝑐
𝑥
) is computed as in (12) and |𝑂| is the number

of the objects. Then we can define the compensable criteria
and the essential criteria as follows:

𝑔com (𝑜𝑖) = ∑

𝑒𝑟𝑐
𝑥
∈𝑒𝑅
𝑐

(𝑓 (𝑒𝑟𝑐
𝑥
) ⋅ 𝑔 (𝑜

𝑖
, 𝑒𝑟𝑐
𝑥
) − 𝑔av (𝑒𝑟𝑐𝑥)) ,

(16)

𝑔ess (𝑜𝑖) = min
𝑒𝑟𝑐
𝑥
∈𝑒𝑅
𝑐

(𝑓 (𝑒𝑟𝑐
𝑥
) ⋅ 𝑔 (𝑜

𝑖
, 𝑒𝑟𝑐
𝑥
) − 𝑔av (𝑒𝑟𝑐𝑥))

+ 𝜀 ⋅ 𝑔com (𝑜𝑖) ,

(17)

where 𝑔(𝑜
𝑖
, 𝑒𝑟𝑐
𝑥
) is also computed as in (12) and the coef-

ficient 𝜀 > 0 in (17) indicates a compromise between inter-
preting the relations between the selected Context attributes
as a fuzzy logical “AND” operation and interpreting them as
compensable criteria.

3.2. An Indirect Aggregation Model Using the Idea of a
Prototype System PrOnto. The prototype system PrOnto was
developed in the Requested Research Project of Poland in the
National Institute of Telecommunications, entitled “Teleinfor-
matic Services and Networks of Next Generation—Technical,
Applied and Market Aspects”. The system PrOnto is based
on radically personalized ontological profiles of users, and
it takes into account the interaction with different users (see
[20]). If we use the idea of PrOnto system that a certain user-
defined concept usually has a set of keywords to describe it,
and a user can adjust the importance coefficients of these
keywords, then we can assume that, for a certain Context
attribute, treated as a concept, there is also a set of Kansei
attributes, treated as a set of keywords, that can describe it
commonly (we can call it a description set). And when we
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Figure 5: Interior of a subrequirement entity.

want tomeasure the satisfaction of a Context attribute, we can
measure it by the related Kansei attributes, and personalize
it by consumer’s wishes. Specifically, we can make a set of
Kansei attributes, which have higher correlations to that Con-
text attribute, and instead of specifying the Context attribute
by fuzzy method, we can use the fitness values of the set of
Kansei attributes to describe the Context attribute indirectly;
there is at least an advantage that we can distinguish different
Context words in detail, because instead of using evaluation
data only, there are many other Kansei attributes that can
show their differences. If we want to take a typical selected
Kansei attribute into account for the subrequirement entity (a
selected Context attribute), then we can reset the correlation
coefficient between this pair of Kansei attribute and Context
attribute. Figure 5 shows a small part of Figure 4, which
expresses the interior of a subrequirement entity. As shown
in Figure 5, a subrequirement entity can be described by
a set of Kansei attributes with higher correlation to this
entity. Obviously, the consumer can also reset the correlation
coefficient in a certain range (see Figure 3).

The algorithm is similar to the method we have men-
tioned above the difference is that how to calculate the
fitness of the enlarged Context attribute 𝑒𝑟𝑐

𝑥
. We just use the

Kansei attributes to describe the enlarged Context attribute
in this model, and we will not take the fitness of selected
Context attribute 𝑒𝑟𝑐

𝑥
into account; the reason is that all

Kansei attributes have special relationships with a certain
Context attribute, and we can just use the Kansei attributes
which have significant relations with that Context attribute to
distinguish Context attributes. We denote 𝐾

𝑟𝑐
𝑥

as the Kansei
attributes set, which have significant relations with 𝑟𝑐

𝑥
, and

as mentioned above, 𝑅
𝑘
is the selected Kansei attributes set.

Then 𝑔(𝑜
𝑖
, 𝑒𝑟𝑐
𝑥
) is given by

𝑔 (𝑜
𝑖
, 𝑒𝑟𝑐
𝑥
) = ∑

𝑘
𝑦
∈𝐾
𝑟𝑐𝑥
,𝑘
𝑦
∉𝑅
𝑘

𝑓
𝑟
(𝑟𝑐
𝑥
, 𝑘
𝑦
) ⋅ 𝑔
𝑟𝑘
𝑦

(𝑜
𝑖
, V
𝑘
𝑦

)

+ ∑

𝑟𝑘
𝑦
∈𝑅
𝑘

𝑓 (𝑟𝑐
𝑥
, 𝑟𝑘
𝑦
) ⋅ 𝑔
𝑟𝑘
𝑦

(𝑜
𝑖
, V
𝑟𝑘
𝑦

) .

(18)

The first part on the right side of the equation is the
satisfaction of the selected Context attributes calculated by

the description set; the second part on the right side of the
equation is the satisfaction of the additional selected Kansei
attributes, which are not included in the description set.

4. A Recommendation System for Japanese
Traditional Crafts

We will show how the recommendation system works in this
section, including a case study about Japanese traditional
crafts. This system contains all aggregation models and
ranking methods that we have discussed above.

For evaluation and comparison, we will use a group of
samples called “Kutani ware” to test the aggregation models
and ranking methods. “Kutani ware” is a kind of craft
produced by traditional method; it has almost 400 years’
history, and it is now a very important industry in Japan, not
only because of its economic value, but also because of its
traditional national culture values.

The samples we used are groups of cups made by tradi-
tionalmethods, and for each sample, we use 6 pairs ofContext
words and 20 pairs of Kansei words to describe it. To evaluate
them, we have 60 volunteers to participate in. They were
given some kind of questionnaire with 26 pairs of attributes
(including 6 pairs of Context words and 20 pairs of Kansei
words) on it. For each attribute, there are 7 degrees to select
for describing how you feel about the samples.The part of the
questionnaire is shown in Figure 6.

We have programmed a recommendation system for per-
sonalized consumers’ requirements, according to the data we
got from the evaluation and personal requirements selected
by consumers; this program can recommend a list of the cups’
numbers for consumers, which can help them to select their
favorite cups (see Figure 7).

As shown in Figure 7, the consumer should select some
Context words and set his/her importance coefficients; the
consumer also need to select some Kansei words and set their
levels and importance coefficients, then the requirements can
be described by these selected attributes. The requirements
will be also printed in the requirements block. Next step
is to set the aggregation model and ranking method. We
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Figure 7: The interface of the recommendation system.

have two aggregation models (Consumer target-based model
and PrOnto-basedmodel) and four rankingmethods (ranking
method based on logical relation “OR”, ranking method based
on logical relation “AND”, essential criteria, and compensable
criteria) for selection. At step 3, if we click “Compute” button,
we will see the recommended list in the result block (as the
pictures of cups in Figure 7).

5. Evaluation and Comparison of Different
Aggregation Models

In this section, we will make an evaluation of the recom-
mendation system to test different aggregation models and
ranking methods. In this evaluation, we had 25 volunteers,
and let them select some of Context attributes and Kansei
attributes as the descriptions of their requirements they also
need to set the level and importance of the attributes they
have selected, and then according to their selections, they

should pick up one of the samples which they like best. We
can use the recommendation system with these descriptions
to test which models and which ranking methods are better.

There are 30 coffee cups in this test. With the recom-
mendation system and consumer’s special description of the
requirement, we could get a recommendation list of the coffee
cups for each time’s test. Comparing this list with consumer’s
favorite coffee cup, we can know the position of the favorite
coffee cup in this list. For example, if the number of the
consumer’s favorite cup is 23, and this No. 23 cup is at the
3rd position of the list, then we mark it as 3 (see Table 2; we
have gathered 49 items of data evaluated by 25 volunteers).
According to the marks, we can know the satisfaction of the
recommendation results roughly; for example, if one of the
marks in Table 2 is 5, then the satisfaction would be (30 −
5)/30 = 0.83.

As shown in Table 2, for each time of evaluation, there
are two different aggregation models and 4 different ranking
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Table 2: Comparison results of different aggregation models and ranking methods.

No. Fuzzy target-based aggregation model PrOnto-based aggregation model
ESS COM AND OR ESS COM AND OR

1 10 9 10 9 13 13 13 14
2 10 19 25 15 3 4 19 3
3 3 2 2 4 4 4 4 6
4 14 13 12 16 5 5 4 5
5 5 2 9 1 2 5 3 8
6 15 11 4 17 12 12 4 13
7 2 1 4 1 4 3 11 1
8 5 4 7 1 2 2 4 1
9 8 7.5 6.5 7 7.5 7.5 7.5 7.5
10 3 5 2 7 4 6 2 6
11 4 4 5 3 3 3 3 3
12 9 2 1 11 7 3 1 9
13 9 9 9 8 11 12 9 10
14 7 7 10 5 6 4 12 5
15 1 1 13 1 1 1 11 2
16 5 2 8 3 3 2 3 5
17 4 2 1 3 4 5 4 8
18 10 7 3 26 7 4 6 9
19 12 13 12 10 13 11 17 9
20 1 1 2 3 6 8 8 6
21 8 6 11 5 7 6 9 5
22 7 13 18 6 3 5 8 5
23 6 6 6 4 7 7 7 7
24 13 4 27 1 7 3 16 2
25 12 5 14 3 19 14 21 10
26 3 3 2 5 2 5 2 6
27 6 8 15 6 5 5 16 4
28 16 13 4 21 5 4 14 7
29 17 17 23 12 9 12 19 7
30 4 8 7 6 7 8 5 10
31 8 5 24 2 2 2 8 3
32 17 15 16 14 3 23 8 25
33 6 6 6 8 6 8 7 10
34 1 1 1 1 1 1 1 1
35 13 10 30 9 5 3 21 8
36 5 15 12 9 2 4 12 2
37 7 5 17 3 3 3 12 2
38 11 10 8 11 1 1 1 1
39 10 9 12 4 8 6 10 2
40 10 21 16 23 7 25 4 26
41 5 5 2 6 5 3 3 2
42 6 4 4 8 5 3 3 9
43 14 12 9 21 13 10 8 14
44 8 8 7 4 9 9 10 6
45 9 9 11 6 6 3 11 2
46 4 5 4 5 6 8 6 8
47 7 12 6 8 9 11 7 10
48 10 6 14 1 2 2 6 3
49 6 6 16 7 5 5 18 5
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Table 3: Comparison of different aggregation models.

Aggregation models Average
satisfaction Variance t-test

Consumer target-based
aggregation model 0.72 18.53 0.097
PrOnto-based aggregation model 0.77 12.49

methods. At first, we compared the satisfactions of different
aggregation models. Specifically, we have got the average
marks of different aggregation models for each item of data,
and then used the t-test to analyze the two series of data to
find whether there is difference on their means; if so, we can
compare theirmeans to seewhich aggregationmodel is better
(see Table 3).

As shown in Table 3, the mean values of the two aggrega-
tionmodels have a significant difference under the possibility
of 90% (𝑃 value of 𝑡-test is smaller than 0.1), and the PrOnto-
based aggregation model has a higher average satisfaction; it
also has a lower variance, this means the PrOnto-based aggre-
gation model is more efficient and stable. The reason might
be that consumers usually concentrate on the main attributes
of a product (in this case, the main attributes should be
Context attributes). The main attributes (Context attributes)
are described by a group of Kansei attributes (description
group) in the PrOnto-based aggregation model, and some
of the selected Kansei attributes involved in the description
group will not be concerned again in the description group;
correspondingly, the main attributes are calculated by target-
based fuzzy method in Consumer target-based aggregation
model, and the selected Kansei attributes are calculated
separately. Therefore, a duplicate calculation would happen
when selected Kansei attributes have higher correlations to
the main attributes. That would make the main attributes
more easily affected by selectedKansei attributes inConsumer
target-based aggregation model. The evaluation data of all
attributes express the general understandings/feelings of the
object, so there might be some deviations when we use them
to calculate the satisfactions of consumers. In the PrOnto-
based aggregation model, the satisfaction of the Context
attributes is calculated by description set (a set of Kansei
attribute with higher correlation to that Context attribute)
instead of using the evaluation data of the Context attribute,
it means that we used several pieces of evaluation data to
measure the satisfaction of the selected Context attribute,
therefore, the deviations might be averaged. That may be the
reason why PrOnto-based aggregation model is more stable.

The index of stability is necessary; if the model is not
stable enough, then maybe, some time the system could
get a higher satisfaction, and some time get a lower one.
We use the variance to see which one is more stable, but
we cannot use this value to see how stable the model is.
According to the analysis above,we could say that thePrOnto-
based aggregationmodel is better.Thenunder this aggregation
model, we will compare different ranking method.

As shown in Table 4, the two ranking methods with
essential criteria (ESS) and compensable criteria (COM) have
significant difference from the ranking method based on

Table 4: Comparison of different ranking methods (2).

ESS COM AND OR
ESS 0.5383 0.0059 0.3072
COM 0.5383 0.0481 0.7083
AND 0.0059 0.0481 0.1102
OR 0.3072 0.7083 0.1102

Table 5: Comparison of different ranking methods (3).

Average satisfaction Variance
ESS 0.8051 13.8355
COM 0.7867 25.1769
AND 0.7153 30.9358
OR 0.7738 27.1458

logical operation “AND” under the possibility of 95%. This
means that we can compare the mean value (the satisfaction
values are calculated by mean values) of the ranking method
ESS and the ranking method based on logical operation
“AND” (including the ranking method COM and the ranking
method based on logical operation “AND”) to see which one
is better.

We can see that the ranking methods of ESS, COM, and
the ranking method based on logical operator “OR” have
higher average satisfactions than themethod based on logical
operator “AND” (see Table 5), but from the analysis above, we
can only say that ESS and COM are better than the ranking
method based on logical operator “AND”. According to the
variance value of each ranking method (see Table 5), we find
that ranking method ESS has a lower variance; this means
that the rankingmethod ESS is more stable than others, so we
can say that rankingmethod ESS is better than othermethods
with using the PrOnto-based aggregation model.

6. Conclusions

We have discussed and tested two multiattribute aggregation
models and four ranking methods for the recommendation
problem of Japanese traditional crafts in this paper; we have
taken consumer personalized preferences about the attributes
of the objects into account. We have also compared different
aggregation models and ranking methods with using the
recommendation system we have developed. According to
the analysis of the comparison, we found that the PrOnto-
based aggregation model is more efficient and stable, and
under using this aggregation model, the ranking method of
ESS results in a better performance. We indicated also some
problems, such as the matching problem between general
understanding and personal understanding: the data we used
in this paper are based on some kind of general understand-
ing evaluated by a set of volunteers and recorded in the system
database, so when consumers set their requirements, they
might express some deviations between the database and the
needs which consumers really want.
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