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Abstract

Having an accurate understanding of the individual’s Kansei needs and afterwards designing products that match these needs
are particularly important in the era of mass personalisation. Although customers’ Kansei needs have been addressed by
Kansei engineering, difficulties remain in handling the differences of individual Kansei. In this paper, individual Kansei vari-
ance is considered to transform the Kansei words into multisensory design elements, to help designers better understand the
individual’s Kansei needs. First, a fuzzy cognitive model is proposed to identify the individual Kansei differences in Kansei
words by taking customers’ characteristics and purchasing motives into consideration. Second, a fuzzy cognitive model-based
mapping method is proposed to interpret Kansei words into multisensory design elements. The method incorporates a fuzzy
clustering method and basic-emotion systems to identify Kansei variance and to determine design elements’ membership
of Kansei words dynamically. Finally, the prototype application of the proposed method on a compact SUV is illustrated.
The results suggest that individual differences in Kansei terms do exist among customers in the same market segment, and
the proposed method has good feasibility and practicability in handling individual Kansei differences in emotional design.
Those Kansei dimensions that are more prominent in individual Kansei variance are highly recommended for further dig-
ging, which would benefit carrying out personalised customisation and differentiated design.

Keywords Kansei needs interpretation - Fuzzy cognitive - Motives - Kansei engineering - Fuzzy mapping

1 Introduction
1.1 Motivations and technical challenges

In the age of diversification and personalisation, keen com-
petitions have resulted in profuse product alternatives in
the market and an increasing number of consumers like
to express their individual expectations about a product
(Shimizu et al. 2004). Mass customisation (Pine and Pine
1992) was widely used by many companies to combine the
low unit costs of mass production processes with the flexibil-
ity of individual customisation. As human society gradually
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entered the era of Experience Economy (Pine et al. 1999),
consumers are no longer merely satisfied with functional
use of products. The individual’s emotional needs, or the so-
called Kansei needs, have become one of the most important
concerns in product design nowadays (Huang et al. 2012b).
This demand has triggered the research dealing with indi-
vidual’s Kansei needs and further translating them into
the domain of product design. Although a large number of
approaches which are more or less relevant to Kansei engi-
neering have been proposed, difficulties remain in handling
the differences of individual Kansei (Wang and Yang 2012).

The challenge for designers to accurately handle the
diversified and personalised Kansei mainly comes from two
aspects. First, the human emotions are extremely subjective,
circumstance-related and individual. It would be influenced
by culture, personality, motives and by the socio-economic
status of the consumer. There are still many difficulties in
dealing with the fuzzy and uncertainty of human thought
under multi-granularity linguistic environment (He et al.
2017). Even if the target customers describe their Kansei
needs with the same words, their real thoughts may vary
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from person to person. Second, customers, marketing folks
and designers employ different sets of context to express
their understanding of affect information (Gologlu and
Zurnaci 2016). Differences in semantics and terminology
impair the coherence of transferring Kansei needs effectively
from customers to designers (Jiao et al. 2006). For example,
product exterior features are generally determined by the
subjective aesthetic sense of designers with little attention
paid to individual’s affective responses. This leads to a cog-
nitive gap between designers and customers, resulting in a
performance failure in the marketplace (Shieh et al. 2016).

Against this background, this paper aims to establish a
set of fuzzy mapping method to transform the individual’s
Kansei needs into more clear and comprehensible design
elements, helping designers to better understand the indi-
vidual’s Kansei needs. By taking customers’ character-
istics, purchasing motives and basic-emotion system into
consideration, a fuzzy cognitive model (FCM) is proposed to
characterise the individual’s latent perception pattern and to
identify the individual Kansei differences in Kansei words.
Then fuzzy clustering method is employed to find groups
with similar perception patterns to the individual from the
Kansei evaluation data sets. Finally, fuzzy logic (Zadeh
1988) is used to deal with Kansei variance and the design
elements whose membership degree is greater than a speci-
fied threshold are selected for designers.

1.2 Literature review

A number of studies have been conducted to investigate
emotions in the psychological realm. For example, based
on four basic components (cognition, evaluation, motiva-
tion and feelings), Ben-Ze’ev (2000) suggested that emo-
tions are an integrated and complex process that involves
human intentional activities as well as a feeling domain.
The word “Kansei” can be interpreted as people’s feelings
or impressions of an object, representing their psychological
expectations and perceptions (Chang and Chen 2016; Lai
et al. 2005). In emotional design, it may be evoked by such
attributes as product form, style, colour, function and price,
and affected by consumer emotions and personal senses of
values (Stappers et al. 2002). These emotions and attitudes
reflect latent variables or constructs which cannot be directly
observed, and which cannot be measured as easily as other
objective aspects of the product. They reflect aspects of the
total product experience which go beyond the products’
functionality or usability, and are associated with the emo-
tional benefits provided using the product. Consequently,
they are influenced by culture, personality, experience and
by the socio-economic status of the consumer (Childs et al.
2006).

Owing to the fact that human emotions are extremely
subjective, circumstance-related and individual, an accurate
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measurement of Kansei needs is generally impractical. In
this regard, Kansei engineering (Nagamachi 1995) advoca-
tors suggested an effective way to represent human emo-
tions, i.e. the use of Kansei words or adjectives to represent
various emotions (Ota and Aoyama 2002). Then these Kan-
sei words are clustered into several Kansei clusters (Huang
et al. 2012a), which can then be used to represent consum-
er’s Kansei needs in the next stages. In previous studies,
the semantic differential (SD) method has been widely used
in Kansei engineering to address the relationship between
emotions and design elements. Many sophisticated methods
and models (Chang and Chen 2016; Yang 2011) have been
established based on the conventional SD method. However,
the conventional SD method assumes that the survey partici-
pants’ understanding of Kansei words is consistent, which
might not be true for all design cases (Huang et al. 2012b).
Moreover, the expectations for the same product could be
varied according to different customers. Thus the reflec-
tion of individual customer preferences in product design
is essential (Hong et al. 2010). Therefore, the collected data
involve complicated interactions and relationships between
design elements and consumer affections, inherent with
imprecision, uncertainty and fuzziness (Zhai et al. 2009b).

To overcome these difficulties, many approaches have
been proposed in Kansei engineering. The basic assumption
of Kansei engineering studies is that there exists a cause-
and-effect relationship between affective responses and a
product’s attributes (Yang 2011). Rough set theory, a rule-
based knowledge acquisition method capable of targeting
imprecise, non-linear human perceptions, has been adapted
to discover the mapping pattern between consumer affec-
tions and product design elements from raw design data
(Shi et al. 2012; Shieh et al. 2016; Takenouchi and Toku-
maru 2017; Zhai et al. 2009b). Zhai et al. (2009a) proposed
a systematic approach to Kansei engineering based on the
dominance-based rough set theory, which can identify and
analyse two types of inconsistencies caused by indiscern-
ibility relations and dominance principles respectively. Yang
et al. (2011) extended the work of Nagamachi by introduc-
ing three concepts to reinforce Kansei Engineering System:
consumer segmentation (CS), affective response dimension
selection, and product form feature selection. Wang and
Chin (2017) employed Kansei engineering to capture user
attitude toward affective features and constructed a clas-
sification tree to carry out effective market partitioning.
Meng-Dar and Fang-Chen (2013) adopted a fuzzy c-means
clustering to separate the consumers with heterogeneous
preference evaluation into homogenous groups, and dem-
onstrate that fuzzy clustering is a suitable method for the
application of CS. Jiao et al. (2006) considered the hetero-
geneous nature of customer needs and implemented rule
refinement at the segment level to utilise valuable affect
information latent in customers’ impressions of existing
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affective designs. Considering that the consumers’ affective
response changes with social trends, Li et al. (2018) pro-
posed a machine learning-based affective design dynamic
mapping approach (MLADM) to collect consumers’ affec-
tive responses extensively, dynamically and automatically.
Kim et al. (2019) developed an affective variable extraction
methodology that can reflect users’ implicit needs. Wang
et al. (2019) proposed a heuristic deep learning method that
extracts affective opinions from customer product reviews,
and classified them into seven pairs of affective attributes.
Guo et al. (2020) investigated whether N40O can be used as
an electrophysiological measurement to effectively identify
Kansei words for assessing product design features in Kansei
engineering research. Li et al. (2019) proposed a posterior
preference articulation approach to Kansei engineering sys-
tem aimed at optimizing product form design to deal with
MARs simultaneously. However, these research still assumes
that customers in the same market segmentation are likely to
present a more homogeneous response to products.

In this regard, Huang et al. (2012b) incorporated basic-
emotion systems to identify Kansei variance and mapping
functions in determining transformed values on Kansei-tag
dimensions and proposed a basic-emotion-based semantic
differential method. To identify emotion-related product
attributes, Huang et al. (2014) developed the customer’s
mind map for each Kansei tag and used a means-value
chain to generate targets based on the personal construct
theory. Camargo and Henson (2015) pointed out the disad-
vantage of rating scales is that they rely on the honesty and
awareness of the respondent for their validity. The principal
components analysis method, which is used for analysing
the ratings, is often difficult to relate the resulting semantic
space to the constructs that the manufacturer wishes to know
about. They use Rasch measurement theory to measure the
affective impression and state the benefits of using the Rasch
approach are in the ability to obtain reliable results from
small samples of consumers. Gologlu and Zurnaci (2016)
indicated that the reflection of individual customer prefer-
ences in product design is essential. They present a meth-
odology combining Kansei engineering for determining the
relationships between customer preference and products
with the fuzzy logic approach for evaluating customer pref-
erences. Mata et al. (2017) established a methodology to
identify the relationships between perceptions, aesthetic fea-
tures, desire to own and background of consumers. Zhou et
al. (2017) proposed a personalized recommendation model
based on Kansei engineering for online apparel shopping.
Sakornsathien et al. (2019) combined the data mining tech-
nique with Kansei Engineering technique to predict pos-
sible design elements of a product which is appropriate for
users. The style and preference of each user were used as a
categorizing factor clustering the database into groups with
K-means technique.

1.3 Outline of paper

The remainder of the paper proceeds as follows. In Sect. 2,
the fuzzy cognitive model of Kansei needs and its modelling
process are presented. Section 3 describes the methodology
of interpreting the individual’s Kansei needs into related
design elements. Sect reports the prototype application of
the proposed method on a compact SUV. Validation of the
proposed model is also discussed in term of individual Kan-
sei variance. Discussions on managerial implications and
conclusions are drawn in Sects. 5 and 6 respectively.

2 Kansei needs modelling
2.1 Generation of Kansei needs

People’s understanding towards objective things starts from
sensation. It is a process of explaining things after process-
ing of perception, understanding and inferring of the sensory
information. Compared to sensation, perception involves
participation of individual’s experience of knowledge, as
well as effects of individual’s psychological characteristics
and subjective factors, such as cognition, motivation and
interests. The combination of sensory stimulation and cogni-
tive processing composes the customer’s complete emotional
understanding of a product. As shown in Fig. 1, considering
their personal characteristics, desires, motives and interests,
the customer obtained a complete emotional understanding
of the product through interaction with the product. Then
the customer cognised the product in an inferential way
with metaphor and reasoning like ‘what is the product like’,
‘how is this kind of product’, and described their cognition
with certain abstract Kansei adjectives, such as ‘convenient’,
‘modern’, ‘beautiful’ and ‘noble’ etc..

It can be seen that Kansei needs are the outcome of a
series of cognitive activities of sensation and perceptions.
In other words, Kansei can be seen as a process, which is a
multidimensional and comprehensive psychological reaction
from sensory stimulation to perception. And this reaction
can be guided to express through Kansei words (including
body language) and behaviours. Due to the heterogeneous
nature in cognitive processes of different subjects (including
customer and customer, customer and designer), designers
are often not aware of the underlying coupling and interrela-
tionships between Kansei words and various design elements
with regard to customers’ affective satisfaction. It is neces-
sary to convert the Kansei words to more clear, compre-
hensible and less ambiguous design elements, which could
enable the bridging of designers’ creativity and customers’
Kansei needs and facilitates the development of competitive
new products.

@ Springer



178

Research in Engineering Design (2021) 32:175-187

Product ’/'/ Personal ™\ Desires e |
P i \ \characteristics/ J v
/ e 7
VA \ / i
s \ \ / Kansei needs
[ g ] . = A
// PF, .\ [ Sensation Perception \ / o h
VAR ‘ W¢
/ # e \ - 0‘\\@\\ M”l/@/y,
| p 2| ' Visual = c
N ‘ 4 \__‘ .
. ;ﬂz ' // 1\ Auditory ’ - \ X What is the product like...
% \ lntemctnon/) Smell ! (,ognm‘vc Expressmg/’ How is this kind of product ...
. |\ / . i processing
\ : | \ / Taste i
\ ; / Tactil ¢
\ / / actile N / / Beay, i ﬂo\,\t
\ <\ ~ 4 g \ /
2 / s L N —
\\ . // // ‘\\
. B . N
- (" Motives ) ( Interests ]

PF —Product feature e

Fig.1 The generation of Kansei needs

2.2 Fuzzy cognitive model of Kansei needs

According to Maslow’s hierarchy of needs theory, a product
satisfies different levels of customer’s needs with its func-
tion, usability, appearance and so on. In addition to the cus-
tomer’s personal characteristics (lifestyle, values, education,
personality, occupation, race, age, gender, family, etc.) and
life experiences, the purchasing motives are also important
factors affecting the customer’s emotional perception of a
product. These motives can usually be understood as ‘having
this product should make me fashionable’ or ‘this product
should help me complete ..." or ‘this product makes me feel
happy’. Different customers have different characteristics
and different purchasing motives, and this kind of difference
also exists between the user and the designer.

Although different customers may use the same Kansei
words to describe their emotional needs, due to the hetero-
geneous nature of their emotional cognitive process, the
Kansei needs that the words represent are different. When
designers interpret Kansei needs and develop emotional
design in accordance with the perceptual pattern of their
own or part of the leading user, the design results may not
be able to meet the target customer’s Kansei needs. Based
on characteristics of the emotional cognitive process, this
paper sets up a fuzzy cognitive model (FCM) to character-
ise the individual’s latent perception pattern and to iden-
tify the individual Kansei differences in Kansei words. As
shown in Fig. 2, the FCM is a directed graph composed of
consumer, motives of purchasing, multisensory design ele-
ments, Kansei words and basic-emotion system nodes. To
be more specific, multisensory design elements described
here are those design features which can be directly per-
ceived and understood by the user’s senses, including line,
shape, form, space, colour, texture, material, sound, odour
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and ways of interacting, etc., or can be a combination of
the above elements. Free association is the advanced func-
tion of mankind and can express the deepest desire and
ideas of mankind. Things that exist in people’s minds can
bring a lot of inspiration to the designer, so multisensory
design elements in Fig. 2 include not only those prod-
uct-related but also some samples obtained by metaphor
extraction techniques.

For a specific customer c,, there are three different
types of paths in FCM to characterise the customer’s latent
perception pattern. The first type of ¢, — m, path indicates
what kind of purchase motives the customer have. The
second type of ¢, — de, — kw, path represents the Kansei
evaluation of design element de, in the Kansei words kw,
dimension by customer c,, and the evaluation value
vZ’ép (kw,) is the weight of the ¢, — de, — kw, path. The

third type of ¢, — kw, — Be path represents the subjective

evaluation of Kansei words kw, in the basic-emotion sys-

tem by customer c,, the evaluation value V;W (Be) is the
q

weight of the ¢, - kw, — Be path.

As shown in Fig. 3, the steps of building the fuzzy cog-
nitive model are as follows:

Step I: Collect product-related semantic adjective pairs
and cluster into a Kansei words library, which is denoted
as:

Kw = {kwl,sz,...,kwq} D

Step 2: Invite a group of leading target customers, senior
designers and user researchers to do free association of the
Kansei words, and use multisensory elements to describe
ideas on their minds. Collect these elements, together with
those extracted from the actual product, and form the mul-
tisensory design element library, denoted as:
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De = {del,dez,...,dep}.

Step 3: Invite the target customer to evaluate multisen-
sory design elements with Kansei words using a Likert-type

Multisensory design

=

Step 1

) scale, and then evaluate Kansei words with basic emotions
(Huang et al. 2012b; Plutchik 1991). During the evaluation

process, they can freely select those words that can represent
their emotional dimensions in the Kansei words library. For
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the convenience of subsequent data mining, the number of
words used for evaluating each design element is generally
not less than five. Collect these evaluations to form a dataset
D, which can be used for subsequent mining of the fuzzy
mapping relationship between the multisensory design ele-
ments and Kansei words. The data related to customer ¢, in
the dataset is denoted as follows:

D(c,) = {X(c,).M(c,), Vg (Kw), Vi (Be)},

Vi (Kw) = {(de, kw,.vj: (kw )|de, € De.kw, € Kw},

Ve (Be) = {(kw,, Be, ", (Be))|kw eKw).

In which, X(c,) represents the personal characteristics
of customer c,, M (cn) represents the purchase motives of
customer c,,.

Step 4: Draw a fuzzy cognitive map. First, generate c,,,
my, dep, kwq and Be nodes, and then connect related nodes
to form several paths according to the Kansei evaluation
data of each customer, and mark the corresponding weights.
With the accumulation of Kansei evaluation data, a complete
fuzzy cognitive map of the target customer group on the
emotional aspect of a certain product is formed. This fuzzy
cognitive map can then be used to predict the customer’s
latent perception pattern based on their personal character-
istics and purchasing motives.

3 Kansei needs interpretation considering
the individual Kansei variance

3.1 Purchasing motives involved customer fuzzy
clustering

Generally speaking, interpreting an individual’s Kansei
needs requires a deeper understanding of the individual’s
personal characteristics and purchase motives. However, it is
not economical or necessary for mass personalisation. This
paper predicts the perception pattern of an individual by
analysing the Kansei evaluation data of customers with simi-
lar characteristics and purchase motives to the individual in
the fuzzy cognitive map. First, fuzzy clustering method is
employed to divide the target customers into several groups

with similar perception pattern. As shown in Fig. 4, the steps
of fuzzy clustering are as follows:

Step 1: Assume that the domain C = {cl, Coyunns cn} is the
to-be-classified target customer group, and characterise the
i-th customer c; with m indicators:

X pri=1,2,.n (6)

¢ = {xil’xi27 o Xils Xigi1)s -

In particular, x; (k > [) refers to the purchasing motives
of the customer c;.
Hereafter, the original data matrix is:
X X2 0 X
x = | *21 *22 7t Yom %

Xnl X2 = Xum

Step 2: Determine the weight Vector of these indicators
as w = (a)l,a)Z, @@, ., O, ) These weights can
be obtained by the AHP method or by expert experience.
Generally, the purchasing motives occupy a higher weight
than the others. Then the original data matrix X is weighted
to obtain a new data matrix X’ = (x}) .

/o —
Xy = @; Xy (8)

Step 3: Get normalized data matrix X" = (x/}) by per-
. K nxm
forming range transformation on X’.

= X, — minygig, {3} )
" max, ¢;<, {x,{k} = min, ., {xz{k}

Step 4: Establish the fuzzy similarity matrix R =
using the correlation coefficient method.
x| =X

m
Zk— i jk J

e s =i

Zk 1 zk’ zk 1 Jk

Step 5: Get the fuzzy equlvalence matrix R* by comput-
ing the transitive closure (Guoyao 1992) of fuzzy similarity
matrix R

Step 6: Determine the optimal threshold A for classifi-
cation, calculate the A-cut matrix of the fuzzy equivalent
matrix R* and obtain the equivalent classification at the 4
level. Assume the number of categories that corresponding

(")

" o_ HI

(10)

In which )?

(‘(1)

_ | Construct raw ‘ X EStab“Sh X Normahze the ‘ X Compute fuzzy u Find fuzzy i ) ) A = {19
| : — weighted data — weighted data 2 I e ) . P Optimal clustering >
data matrix : : similarity matrix equivalent matrix y

matrix matrix ")

cY:

Fig.4 The steps of purchasing motives involved customer fuzzy clustering
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to value A is r, and the number of customers in the s-th cat-
egory is n,.
The centre vector of the total samples is:

=X, ..., x). (11)

2’ m
S |
In which, x = - Do Xy (k=
average of the k-th feature of all samples.
The centre vector of the s-th category is:

.,m) refers to the

L —(S) —(S) —(s)
() _
c —< X ,x2 seee s X > (12)
. —(®) 1
In which, x;( = 2?1 :](:), (k=1,2,...,n) refers to

the average of the k-th feature in the s-th category.
Construct the F statistics as follows:

¥ nl[c - EHZ/(;’ 1

F= ~Fir-1,n-r).

2
- n, . —(s)
Dot 2 | C?) - /(n -1

2
— — = =
In which, “c(s) - c”=\/ Y lx —x > refers to the

13)

k

=(s) RO
l

distance between ¢ and c,

(5)

)” refers to the distance

between ¢, and the centre vector ZVin s-th category. The

numerator in formula (13) represents the distance between
two categories, and the denominator represents the distance
between the customers in the same category. Since
F ~ F(r — 1,n — r), the larger the value of F, the greater the
distance between the two categories, and the better the result
is. The 4 that maximizes the F statistic is the optimal clas-
sification threshold. To ensure the statistical significance and
operability of the clustering results, referring to the VALS2
(Novak and MacEvoy 1990), the recommended number of
clusters is 3—-14.

3.2 Fuzzy mapping of Kansei needs based on FCM

Different customer categories have different perception
patterns. After fuzzy clustering, the target customers are
divided into several categories with different perception
pattern. Then the membership function between the design
elements and the Kansei words of each category can be
calculated.

Assume that the number of samples in s-th category is n,.
The evaluation of p-th design element from i-th customer c;
in s-th category is:

C(.S) c@ c(.s)
Vdép(Kw) = {(dep, kw,, vd‘ep (kw)), (dep, kw,, vd'ep(sz)), .

,(de kw v

For the s-th category, the membership degree of the
design element de,, to the Kansei words kw,, is:

2 1 ng Y
'“512 (kw,) = -1 (,,l_Y Zi:l Vde, (kw,) —f(KVE;)))
5)

In which, x refers to the number of points in the Likert
scale. KV refers to the total Kansei variance of s-th cat-
egory for kw, in basic-emotion dimensions, and it meas-
ures the difference in understanding each Kansei words by
a group of customers. f(-) refers to the mapping function
for adjusting the Kansei mean value to better reflect con-
sumer’s genuine opinions on the multisensory design ele-
ments, and the linear mapping function in literature (Huang
et al. 2012b) is employed in this paper. Generally, it indicates
that de, and kw, have strong positive or negative correlation
when the membership degree 0.7 < |u| < 1, relatively high
correlation when 0.4 < |u| < 0.7, weak correlation when
lul <0.4.

Correspondingly, the membership matrix yD) (Kw) rep-
resents the perception pattern of s-th category on the design
element library De, denoted as:

Han (kw,) M D (kwy) - pg) (kw,)

(s)(Kw) = /’lc(ise) (le) H (sz) Méfe) (kW )

Hpe (16)

My (kwo M (kw2> - Hg <kwq>

When the above membership matrix is established, the
model can be used to interpret the Kansei needs of the new
target customer. First, add the new individual into the exist-
ing target customer group and then recluster the sample
using the fuzzy clustering algorithm in Sect. 3.1. The new
individual can be classified into a certain category s which
may have a similar perception pattern with them. Second,
set @ as the membership threshold of design element library
De to Kansei words library Kw, and the designers can adjust
it according to their own needs. If the new individual uses
Kansei words kw,, to describe their Kansei needs, all the
design elements that meet the criteria ;4(°) (kwq) > a will be

selected to interpret their Kansei needs together with their
Persona. Through the above steps, the new individual’s Kan-
sei needs can be converted to a visualised way to reduce the
distortion of Kansei needs due to cognitive differences,
thereby reducing the risk of new product development.

(kw N} (14
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4 Case study

To verify the feasibility of the fuzzy mapping method
mentioned in this paper, the author applied this method
to the Kansei needs interpretation of a compact SUV in
C Company. According to previous market research, the
customers of this kind of vehicle were targeted at young
people between 25 and 35 years old who love to play and
pay more attention to the cross-country ability of vehicle,
and their Kansei needs can be described by Kansei words
such as “fashionable, sportive and high-tech”.

At first, according to the step 1 in Sect. 2.2, 63 Kan-
sei adjectives that are often used to describe the styling
of the vehicle were collected and clustered into 16 pairs
of Kansei words with positive and negative poles, which
are shown in Table 1. Then, according to the step 2 in
Sect. 2.2, 67 design elements were collected and encoded
through the focus group, in which including 52 visual

elements, 8 material elements, 4 sound elements and 3
odour elements. In particular, the fuzzy mapping of Kan-
sei needs will be explained only through visual elements
in this case. As shown in Fig. 5 are 52 visual elements,
mainly including shape, characters, interests and ways of
interacting.

After the Kansei words and design elements were ready,
a semantic difference questionnaire was formed according
to the step 3 in Sect. 2.2. Also, 100 respondents who fit the
target market positioning were invited and encoded to par-
ticipate in the evaluation by working with the brand’s 4 s
shop in about 40 days, of which male to female ratio is 54:46
and the age range is from 25 to 35 years old (M =31.17,
SD =2.82). They consist of customers who come to the store
(32%), customers who were invited by phone (49%), and
graduate students who major in industrial design (19%).
Among them, 24% are already the existing owners of the
vehicle. To alleviate the negative impact of the large num-
bers of questions and to improve the reliability of the data,

Table 1 16 pairs of Kansei
words with positive and
negative poles

Thin—Thick
Vulgar—Elegant
Reserved—Swanky
Public—Personality

Imbalance—Coordinated
Bulky—Light
Rustic—Fashion
Complicated—Simple

Dull—Sportive Intermittent—Smooth

Rough—Delicate Ugly—Beauty
Soft—Masculine Loose—Rigorous

Conservative—Advanced Outdated—Novelty

50 51 52

Fig.5 Part of the collected design elements
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participants were asked to select only 5-8 Kansei words
for each design element that can best describe it from the
16 pairs and gave corresponding scores, respectively. The
average number of Kansei words selected to describe the
design element was 5.62 with a standard deviation of 0.49.
Then 37,654 lines of raw data were obtained. At the same
time, the participants’ personal characteristics information
(including age, gender, race, occupation, education, per-
sonality, income level, family structure, lifestyle, etc.) and
purchasing motives were also collected with their consent.
These participants’ motives to purchase this kind of compact
SUV mainly including commuting, self-driving travel, busi-
ness reception, taking of children to school, weekend picnic
and cargo transport. Then the FCM was obtained according
to the step 4 in Sect. 2.2. The above data lay the foundation
for interpreting Kansei needs into multisensory design ele-
ments according to individual characteristics.

Then 12 new target customers were invited as partici-
pants to validate the fuzzy mapping method. Figure 6 shows
the procedure for verifying the prediction accuracy of the
method and whether there are individual Kansei variances,
where UM and MO represent participants’ own evaluation
and the model’s prediction results, respectively. Due to the
space limit, the validation process is illustrated by only 3
sets of sample data here. First of all, “Fashion, Sportive
and High-tech” three Kansei words and 15 random selected
design elements were combined to form an 11-points Likert
Scale. The evaluation data of three participants on the fif-
teen design elements were collected, and also the prediction
results of membership obtained by inputting the participant’s
personal characteristics and motives to the model.

As shown in Table 2 and Fig. 7 are the model’s predic-
tion results (MO) and participants’ own evaluation (UM)
on the membership of fifteen design elements to ‘Fash-
ion, Sportive and high-tech’. As can be seen from the data,
apart from the No.05, No.20 and No.23 design elements

" W Perceptual evc
» \\ >

D
Participant a

( " Selected design ™
\__ clements

s
Fuzzy cognitive model
of Kansei needs

- S (See section 2)
(,*’ Selected Kanser ™ \ x
\ words

Participant b

Fuzzy mapping
(See section 3)

{ y Perceptual evaluation

in the “Fashion” dimension are quite different, the MO
and UM are basically consistent on the other design ele-
ments. Further correlation and comparative analysis of these
data were made by the paired-samples T test method. As
shown in Tables 3 and 4, the MO and UM show a high
correlation (rp, = 0.985, rpy0 = 0.994, rp,is = 0.892)
and their mean, statistically, have no significant difference
(tpa1 = 1230,  Pp,(Sig.(2 — tailed)) = 0.239 > 0.05 ;
tpain = —0.150 ,  Pp,;,»(Sig.(2 — tailed)) = 0.883 > 0.05 ;
tpairy = —1.848 ,  Pp,;5(Sig.(2 — tailed)) = 0.086 > 0.05 ).
On the other hand, although the three participants
have a high correlation (rp,, = 0.871, rpys = 0.633,
Tpairg = 0.925) in the perceptual evaluation data, their per-
ceptual mean were statistically inconsistent (¢p,,4 = —2.184,
Pp,ira(Sig.(2 — tailed)) = 0.046 < 0.05 ;  tp,5 = —2.210,
Pp,i5(Sig.(2 — tailed)) = 0.044 < 0.05 ;  tp, = —2.153,
Pp,ir(Sig.(2 — tailed)) = 0.049 < 0.05).

The above data indicate that the customers in the same
market segment do exist individual differences in Kansei
terms. Also, the model proposed in this paper has good fea-
sibility and practicability in dealing with individual Kansei
variance. It appears that this method could accurately inter-
pret Kansei needs represented by Kansei words into design
elements, which is easier to be understood by the designer
according to the previous Kansei evaluation data.

5 Discussion

Nowadays, how to deal with the individual’s Kansei dif-
ferences is a key issue that modern company must think
about in response to the challenge of mass personalisation.
In traditional emotional design, Kansei words are usually
used for delivering Kansei needs and measuring products
in Kansei aspects. As mentioned, the Semantic Difference
method assumes that participants would understand the

Prediction accuracy?

T
v Paired- N,
N Samples T test =2 =Y P=?

Individual Kansei

> MO-a S T ) ¢
( o Paired- ) Vvariance exists?
~_Samples T test P g
~ —— r=? t=? P=1
—
> MO-b
» " Paired- Prediction accuracy?
- Samples T test_~ =72 =7 P=%
» UM-b

Fig. 6 the procedure for verifying the prediction accuracy and individual Kansei variances
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Table 2 the model’s prediction

.. s The number of
results and participants’ own

design elements

Kansei words

Participant 1

Participant 2 Participant 3

evaluation on the membership MO1 US1 UMl MO2 US2 UM2 MO3 US3 UMS3
of fifteen design elements to
‘Fashion, Sportive and high- Fashion 30 064 35 0.70 0.77 39 0.78 0.79 4.0 0.8
tech’ 48 078 3.7 0.74 0.72 34 0.68 072 33 0.66
05 036 2.0 040 0.59 3.1 0.61 078 39 0.77
20 023 1.0 0.20 0.51 2.7 0.53 0.78 4.3 0.85
23 -0.04 0.0 0.00 0.43 2.1 0.41 0.77 3.8 0.76
Sportive 28 084 39 0.78 0.8 42 0.84 0.9 4.5 0.89
13 065 32 0.63 0.72 3.8 0.75 094 49 0.98
18 029 15 0.30 0.46 2.1 0.42 049 29 0.57
08 028 1.0 0.20 0.2 1.1 0.22 0.14 1.0 0.19
19 013 03 005 -012 -04 -008 —-02 -13 -025
High-tech 33 079 3.8 0.76 0.79 3.8 0.76 075 39 0.78
34 075 3.5 0.70 0.74 3.7 0.73 086 4.0 0.79
14 024 1.6 032 0.56 2.5 0.49 085 4.0 0.8
04 013 05 010 -002 -01 -001 -02 -09 -0.17
15 0.15 05 0.10 0.08 0.6 0.12 0.15 09 0.18

Note: MO and UM, respectively, refer to the model’s prediction and participants’ own evaluation on the
membership of design elements to Kansei words, the US refers to the participants’ ratings of design ele-

ments on Kansei words

1.20

1.00

0.60

Membership
o
H
o

0.20

0.00

05

-0.20 Fashion

-0.40

18

Sportive q High-tech P

The number of design elements

--®-MO1 —e—UM-1

MO-2

—&—UM-2 --® - MO-3 UM-3

Fig.7 The model’s prediction results and participants’ own evaluation on the membership of fifteen design elements to ‘Fashion, Sportive and

High-tech’

Kansei words in a consistent manner. However, it is a well-
known fact that the same Kansei words may be understood
differently by different people. Therefore, the Kansei words
mean values that do not take the effect of the variance of
Kansei words into considerations may not reflect a con-
sumer’s genuine opinions. The conversion or mapping of
user’s Kansei needs based on such methods can also pose
risks to subsequent design. Since fuzzy logic is very suitable

@ Springer

for dealing with the ambiguity and diversity of individual
Kansei. This paper first introduces personal characteristics
and basic-emotion system to establish the fuzzy cognitive
model of Kansei needs, which is used to describe and iden-
tify individual Kansei variance. At the same time, fuzzy
logic is introduced on the basis of the traditional Semantic
Difference method, thereby establishing the fuzzy member-
ship relationship of design elements to Kansei words. Then,
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Table 3 Paired-samples correlations the model’s prediction results
and participants’ own evaluation

N Correlation Sig

Pair 1

MOI1 & UM1 15 0.985 0.000
Pair 2

MO2 & UM2 15 0.994 0.000
Pair 3

MO3 & UM3 15 0.892 0.000
Pair 4

UM1 & UM2 15 0.871 0.000
Pair 5

UMI1 & UM3 15 0.633 0.011
Pair 6

UM2 & UM3 15 0.925 0.000

through dynamic fuzzy clustering, a specific group with
similar perception patterns to the individual is obtained, and
the membership degree of the design elements to the Kansei
words is calculated based on the Kansei evaluation data of
the group and their Kansei variance in the basic-emotion
dimensions. Finally, fuzzy logic operations are introduced
to transform the individual’s Kansei needs into visual design
elements. The results show that the proposed method has
high accuracy and great potential in handling the differences
of individual Kansei.

In the case study, the data confirm that the customers
in the same market segment do exist individual differences
in Kansei terms. Although the validation process has only
twelve participants, combining the participants in previous
evaluation data, the results are still statistically significant

and can illustrate the problem of individual Kansei variance.
And the successful prototype application of this method in
an actual project also illustrates this point. Regarding the
difference between participant 3’s Kansei evaluation and
model’s output in the “fashion” dimension, the interviews
after the experiment found that participant 3’s occupation
is a fashion designer and has his own unique insights into
“fashion”. There are fewer samples in the existing data set
that have similar personal characteristics to participant 3,
which results in the model’s failure to accurately predict
the participant 3’s perception pattern. The follow-up can be
solved by enlarging the sample size. In addition, the inter-
views found that customers generally have a strong sense
of design elements with distinctive styles (such as design
element No. 30), and Kansei evaluation data in this part
often have a better degree of distinction. However, there may
be “passivation” phenomenon for more common or well-
regulated design elements (such as design element No. 19),
which leads to insufficient discrimination of Kansei evalua-
tion data for this part of design elements. To further improve
the practicality of the model, it is strongly recommended
to dynamically remove some design elements that are not
highly distinguishable through multiple iterations.
Needless to say, this method also has some limits. The
interpretation accuracy of Kansei needs is more dependent
on the completeness and coverage of the Kansei evaluation
data, and the perception pattern of the customer may also
gradually change with the social development and changes
in the market environment. It is very time-consuming to
obtain Kansei evaluation data by means of traditional market
research and cannot guarantee the timeliness of the data. In
the future, we can use the social platform or crowdsourc-
ing to achieve rapid data collection in a reasonable business

Table 4 Paired-samples 7 test of the model’s prediction results and participants’ own evaluation

Paired differences t df Sig. (2-tailed)
Mean Std. deviation Std. error mean 95% confidence interval of
the difference
Lower Upper
Pair 1
MO1—UMI1 0.01600 0.05040 0.01301 —0.01191 0.04391 1.230 14 0.239
Pair 2
MO2—UM2 —0.00133 0.03441 0.00888 —0.02039 0.01772 —0.150 14 0.883
Pair 3
MO3—UM3 — 0.08600 0.18019 0.04652 —0.18579 0.01379 —1.848 14 0.086
Pair 4
UM1—UM2 — 0.08467 0.15014 0.03877 —0.16781 —0.00152 —2.184 14 0.046
Pair 5
UM1—UM3 —0.17467 0.30608 0.07903 —0.34417 —0.00517 —-2.210 14 0.044
Pair 6
UM2—UM3 —0.09000 0.16186 0.04179 —0.17964 —0.00036 —2.153 14 0.049
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model, which can also serve the entire design industry and
has broad application prospects. On the other hand, the
proposed method only solves the visual presentation of the
individual’s Kansei needs, and how designers understand
these design elements and correctly use them for experience
design needs more research in the future.

Also, everything has two sides. Although individual
Kansei variance does bring trouble to the Kansei mapping
patterns mining, the Kansei dimensions or design elements
that are more prominent in individual Kansei variance just
provide references for the further digging of user’s needs
through focus groups. And these are also places that designer
can put forth the effort to carry out personalised customisa-
tion or differentiated design.

This paper mainly takes the automotive industry as the
research background, while the issue of individual Kansei
variance is often common. For those non-automotive con-
sumer electromechanical products, although it should be
possible to use the same steps to establish a domain-related
FCM, domain-related expertise and regional culture may
still affect FCM’s ability to deal with the individual Kansei
variance in other industries. In summary, those new prod-
uct development companies and design teams who were
conducting emotional design based on Kansei Engineering
can gain the following managerial insights: ® They need
to pay more attention to the individual Kansei variance in
target Kansei needs to avoid inaccurate design directions. @
The perceptual evaluation data collected during the market
research and design concept evaluation phase should include
not only the mapping relationship between Kansei words and
design elements, but also the customers’ characteristics and
purchasing motives. In addition, the timeliness of the data
should be considered in the analysis process. ® They need
to focus on those Kansei needs with individual Kansei vari-
ance, as these places contain potential market opportunities.

6 Conclusions

This study aims to establish a set of fuzzy mapping method
to transform the individual’s Kansei needs into more clear
and comprehensible design elements. Considering the indi-
vidual Kansei variance, a fuzzy mapping method for Kansei
needs interpretation is proposed in this work. The method
improves the conventional Kansei mapping method by tak-
ing customer’s characteristics and purchasing motives into
consideration for better identifying the individual Kansei
variance on Kansei words. It incorporates a fuzzy clustering
method and basic-emotion systems to identify Kansei vari-
ance and dynamically determine the membership of design
elements to Kansei words based on the target customer’s
characteristics. Therefore, the adjusted membership is
obtained, which can be used as a selection criterion of design

@ Springer

elements that are highly relevant to individuals and facili-
tate the understanding of Kansei needs. The model’s predic-
tion results and participants’ own evaluation have shown a
high correlation (rpy;,; = 0.985,rpyi0 = 0.994,rp,;,3 = 0.892)
on randomly selected design elements and their mean, sta-
tistically, have no significant difference (p,,; = 1.230,
Pp,i1 (Sig.(2 — tailed)) = 0.239 tpairy = —0.150
Pp,in(Sig.(2 — tailed)) = 0.883 ; Ipaiy = —1.848
Pp,i13(Sig.(2 — tailed)) = 0.086) in the case study. The
paired-samples T test of experimental data also revealed that
the customers in the same market segment (rp,,4 = 0.871
s Tpairs = 0.633, rpaire = 0.925) do exist individual differ-
ences (fpyy = —2.184, Pp,;4(Sig.(2 — tailed)) = 0.046
; tpairs = —2.210, Pp,irs(Sig.(2 — tailed)) = 0.044 ;
tpairg = —2.153, Pp,;6(Sig.(2 — tailed)) = 0.049) in Kansei
terms and it appears that the proposed method is promising
for handling individual Kansei variance in emotional design.
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