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Abstract: This paper presents a consumer-oriented design approach to detéheioptimal form design of characteristic toys that
best matches consumers’ preferences. The consumer-oriezgiggh cipproach is based on the process of Kansei Engineering using
neural networks (NNs) and the technique for order preferencatilasty to ideal solution (TOPSIS). The NN model is used to build

a design decision support database, and then an NN-based TOR&IiSrdsupport model is used to enable product designers to obtain
the optimal design alternatives that best meet consumers’ preésrésrca new characteristic toy design.
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1 Introduction

The 21st century is a consumer-centered century, while
the 20th century is called a machine-centered century. It
is an essential issue that how to design highly-reputable
and hot-selling products in the current competitive market
[5,6,7]. The key factor that influences the success of a
new product is capturing the "voice of consumers”.
Consequently, product designers need to comprehent
consumers’ preferences in order to design successfu
products B,4].

Nowadays, there is an interesting social phenomenon
in eastern Asia, particularly in Taiwan, Japan, and Hongrig. 1: An example of characteristic toys sold at the chain
Kong. Many companies produce various Kkinds of convenience store in Taiwan.
characteristic toys (dolls, mascots, cuddly toys, or dalle
"gongzi” in Mandarin) in order to get consumers’
attention and enhance the amount of sales (as shown in
Fig. 1). According to the marketing surveys or repofs [
the characteristic toys can affect companies sales up b¥ngineering is an ergonomic methodology and a design
10% to 30%. This outcome is fantastic for companies andstrategy for affective design to meet consumers’
product designers, particularly in a competitive market. preferencesd]. The word Kansei indicates consumers’

In order to help product designers work out the psychological requirements or emotional feelings of a
optimal combination of product design elements for product. Kansei Engineering has been applied
matching consumers’ preferences, a consumer-orienteduccessfully in the product design field to explore the
approach, called Kansei Engineering, 9], is used to relationship between consumers’ preferences and product
build a design decision support model. Kanseiforms [4,5,6,7]. To illustrate how the consumer-oriented
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approach works, we conduct an experimental study on
characteristic toys for their great popularity in eastern m
Asia. g 91eat PopHETY Y= f (ZXJWik—Gk> @
In subsequent sections, we first present the =1
methodology proposed in this study, including the neuralwhere f(.) is the sigmoid activation function as given in
networks (NNs) due to its powerful learning and (3), and6; and6y are threshold values.
prediction abilities 10], and the technique for order
preference by similarity to ideal solution (TOPSIS) due to f(x) = 1 3)
its wide use in multiattribute decision making (MADM) 14+eX
[12]. Then an experimental study on characteristic toys is  |f the outputs i) generated by (2) are different from
conducted to show how Kansei Engineering can be useghe target outputs yf), erors 1,e,---,€,) are
to extract representative samples and form elements agalculated by (4) and then propagated backwards from the
numerical data sets required for analysis. Finally, anoutput layer to the input layer in order to update the
NN-based TOPSIS decision support model is built to helpweights for reducing the errors.
product designers get the optimal alternatives (ideal
solutions) that best meet consumers’ preferences for the & = Vi — Yk (4)

new product design. :
P g The weights ;) at the output neurons are updated

aswijk + Awj,, whereAw; is computed by (known as the

2 Methodology delta rule)

In this section, the concept of NNs and TOPSIS Awiji = ayid (5)

implemented in this study are introduced. wherea is the learning rate (usuallyQ a < 1) anddy is
the error gradient at neurdq given as

2.1 Neural Networks (NNs) = Y (1— i) & (6)

NNs are non-linear models and are widely used to  The weights\j) at the hidden neurons are updated as
examine the complex relationship between input variablesVij +Awij, whereAw;; is calculated by
and output variables. Due to the effective learning ahility
the NNs have been applied successfully in a wide range Awij = ax;0; (1)
of fields, using various learning algorithm®&0]. The NNs \hareq is the learning rate (usually € a < 1) andd; is
are we]l suited to formulate the proquct deS|gn_ process fokne error gradient at neurgngiven as
matching product forms (the input variables) to
consumers’ preferences (the output variables), which is P
often a black box and cannot be precisely describgd | 5 =Yyj(1-yj) > Wik (8)
In this paper, we use the multilayered feedforward neural k=1
networks trained with the backpropagation learning  The training process is repeated until a specified error
algorithm, as it is an effective and the most popular criterion is satisfied.
supervised learning algorithri ().
A typical three-layer network consists of an input
layer, an output layer, and one hidden layer, withm, 2.2 The Technique for Order Preference by

and p neurons respectively (indexed hy j, and k lari i

respectively) 10]. The wij andwj represent the weights Smilarity to ldeal Solution (TOPS'S)

for the connection between input neuriofi=1,2,---,n)  Based on the concept of the degree of optimality, the
and hidden neuronj (j = 1,2,---,m), and between qyerg| preference value of an alternative is determined by
hidden neuronj (j = 1,2,---,m) and output neurork i distance to the positive ideal solution and to the
(k= 1,2,---,p) respectively. In training the network, & pegative ideal solution. This concept has been
set of input patterns or signaiX1,X2,,Xn) is presented  jmplemented by a widely used MADM method called the
to the network input layer. The network then propagatesgchnique for order preference by similarity to ideal
the inputs from layer to layer until t_he outputs are gq|ytion (TOPSIS)1,2,11,17]. The advantages of using
generated Dby the output layer. This involves theis concept have been highlighted by (a)its intuitively
generation of the outputy;() of the neurons in the hldd'en appealing logic, (b)its simplicity and comprehensibility
layer as given in (1) and the outpuig)of the neurons in - ¢yits computational efficiency, (d)its ability to measure

the output layer as given in (2). the relative performance of the alternatives with respect t
N individual or all evaluation criteria in a simple
yi=f XiWij — 6] 1) ma_thematlcal form, and (e)its applicability in solving
& various MADM problems12].
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The main procedure of the TOPSIS is given as follows positive ideal alternativA™ and the negative ideal
[17]: alternativeA™~ are given as

Step 1: Obtain the decision matrx for m criteria (e.g. N - N
product design elements or consumers’ AT = {Vl Vo ,ooe 7Vm},

preferences) andalternatives (e.g. the number of A=V Vs V) (14)
product samples or combinations), given as
where
C11Ci2 -+ Cim
C21C22 -+ Com
B Gj (©) Vi =max(vij, vz}, - ,Vnj) ;
Coi Cro -~ Cq vy =min(vij, Vo), V), ) = 1,2, ,m.
(15)

whereC;; represent the performance rating values
of alternativeA; (i = 1,2,---,n) with respect to  Step 5: Calculate the separation measures. The separation

criterionB; (j =1,2,---,m). _ (distance) between alternatives can be measured by
Step 2: Normalize the decision matri€ to allow a the n-dimensional Euclidean distance. The positive
comparable scale for all criteria by ideal alternativeS' is given as
rij = Si i=12 nj=12 m S 2
Ij_nicz_’ =L&,m)=124--, $=$rtz (Vij—Vj> Jd=212---.n (16)
Z|:l (}] =1
(10)
Similarly, the negative ideal alternati® is given
r11r12 -+ fim as
21722 -+ I'om
R=1|. " , (11) - ,
. . I’ij . _ L\ i — c..
Frg T Fom $_sqrt121<v.J vj) Ji=12---.n (17)

Step 3: Calculate the weighted normalized decision . .
matrix. The weighted normalized value gf can Step 6: Obtain an overall preference value (relative
be calculated by closeness) for each alternatitg relative to other

alternatives, by

m
Vij =wjxrij, y wp=1 (12) P— S i=12-,n (18)
= (§+5)
The larger the preference value, the more preferred
[W1l11 Wol12 -+ Wmlim the alternative.
v Wil21 Wol22 --+ Wml2m Step 7: Rank the design alternatives by tiieivalue.
B : Wirij :
[Wil'ng Waln2 -+ Wmlnm

- (13) 3 A Consumer-Oriented Experiment
V11 V12 -+ Vim

| VaaVaz e Vam In this section, we present the primary procedure of
o vii Kansei Engineering in the context of characteristic toys,
Vit Vi M Vi including how to extract the representative experimental

sample, how to conduct the morphological analysis of
product form elements, and how to assess the preferences

where w; is the normalized weight of thgth
of consumers.

criterion.

Step 4: Determine the positive and negative ideal
solutions or alternatives. The positive ideal . . .
alternative is a hypothetical alterngtive in which 3.1 Extracting Representative Experimental
all criterion values correspond to the best level. Samples
On the contrary, the negative ideal alternative is
also a hypothetical alternative in which all In the experimental study, we investigate and categorize
criterion values correspond to the worst level. The various characteristic toys with local and aboriginal
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cultures in Taiwan. We first collect about 179 attractive, traditional, etc.) from magazines, product
characteristic toys and then classify them based on theicatalogs, designers, artists, and toy collectors. Then we
similarity degree by a focus group that is formed by 6 apply factor analysis and cluster analysis according to the
product experts/designers with at least two yearsresult of semantic differential method. Finally, 3
experience of product design. In order to avoid cognitiverepresentative image words, i.e. "cute (CU)", "artistic
overhead or reduce the cognitive demand from the(AR)”, and "attractive (AT)", are determined (please refer
experimental subjects (mentioned in Section 3.3) and tdo [7] for details). To obtain the assessed values for the
maintain the judgment consistency, the reduction ofemotional preferences of 35 representative characteristi
experimental samples is necessary. The focus groupoy samples, a 100-point scale (1-100) of the semantic
eliminates some highly similar samples through differential method is used. 150 subjects (70 males and 80
discussions. Then the hierarchy cluster analysis is used ttemales with ages ranging from 15 to 50) are asked to
extract representative samples of characteristic toys. Thassess the form (look) of characteristic toy samples on an
35 representative characteristic toy samples are selectachage word scale of 0 to 100, for example, where 100 is
by the cluster tree diagram (please refer@pfpr details),  most attractive on the AT scale.
including 28 samples as the training set and 7 samples as The last 3 columns of Table 2 show the 3 assessed
the test set for building the NN model. values of the 35 samples, including 28 samples in the
training set and 7 samples in the test set (asterisked). For
each selected characteristic toy in Table 2, the first
3.2 Conducting Morphological Analysis of goilaun;]n Sh(r)]WS the char%qteristic toy nubmbfer and ﬁolfu.mnYS
-8 show the corresponding type number for each of its
Product Form Elements product form elements, as given in Table 1.
. . . . Table 2 provi numerical rce for buildin
The product form is defined as the collection of des'gnneurglbrfetw%rcl)( r%%sdgl, yvhi?:hcgagagz Suc;%getoodeb\?elgp ga

features _that consumers V\."” appreciate.  The esign decision support model for the new product design
morphological analysis, concerning the arrangement o nd development of characteristic toys

objects and how they conform to create a whole of

Gestalt, is used to explore all possible solutions in a

complicated problem regarding a product forsh [ ..
The morphological analysis is used to extract the4 AN NN-based TOPSI S Decision Support

product form elements of the 35 representative M odel

characteristic  toy samples. The 6  product

experts/designers of the focus group are asked tdhe analysis of the NN model and the TOPSIS decision

decompose the representative samples into severaupport model are presented in this section.

dominant form elements and form types according to their

knowledge and experience. Table 1 shows the result of the

morphological analysis, with 7 product form elements 4 1 Analysis of the NN Model
and 24 associated product form types being identified.

The form type indicates the relationship between therq gyamine how a particular combination of product form
outline elements. For example, the "width ratio of head 5jament matches the CU. AR. and AT preferences, we use
and body Kp)” form element has 3 form types, including e most widely used rule, the number of input neurons +
heaf?'b"dy K21)", "head=body )", and "head body  the number of output neurons/2, for determining the
(X23)". A number of design alternatives can be generated, ,mber of neurons in the single hidden lay&g][

by various combinations of morphological elements. The 7 product form elements in Table 1 are used as
the 7 input variables for the NN model. If the
characteristic toy has a particular product form type, the
3.3 Assessing Consumers' Preferences value of the corresponding input neuron is 1, 2, 3, 4 or 5.
The assessed average values of the CU, AR, and AT
The emotional assessment experiment is usuallypreferences are used as the output neurons. Consequently,
performed to elicit consumers’ psychological feelings or the number of neurons in the input layer is 7, the number
preferences about a product using the semantiof hidden neuronsis 5, and the number of output neurons
differential method. Image words are often used tois 3, respectively.
describe consumers’ preferences of the product in terms In many neural network studies, there are various
of ergonomic and psychological estimatidj.[With the  analyses using different learning rates and momentum
identification of the form elements of the product, the factors for getting the better structure of the NN model. In
relationship between consumers’ preferences and produchis study, we use a learning rate of 0.05 and a momentum
forms can be established. of 0.5 due to the complexity and noise of the data (please
In this study, we collect about 110 image words which refer to [7] for details). The learning rule used is
are used to describe the characteristic toys (e.g. vividDelta-Rule and the transfer function is Sigmoid for all
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Table 1: The morphological analysis of characteristic toys.

Form Form Types
Elements Typel Type2 Type3 Type4 Type5
Length ratio of aal .
head and body(Xy) 211 1112 <12
Width ratio of _
head and body (Xo) head> body head = body head body
Costume style . .
(%) one-piece two-pieces robe
Costurgzg)attern simple striped geometric mixed
Hee(lgi(d)r &S tribal ordinary flowered feathered arc-shaped
5
Appearance of facial . .
features (Xe) eyes only partial features entire features
Overall appearance semi-personified o
X7) cute style style personified style

layers. All of input and output variables (neurons) are decision support database for characteristic toys cansist
normalized before trainingd]. The experimental samples of 4,860 & 3 x 3 x 3 x 4 x5 x 3 x 3) different

are separated into two groups: 28 training samples and ¢ombinations of product form elements, together with
test samples. The training process of the model is notheir associated CU, AR, and AT preference values. In
stopped until the cumulative training epochs are overother words, there are 4,860 design alternatives generated
25,000. The root of mean square error (RMSE) of theby the NN model.

model is 0.0481 (smaller than 0.05). The result indicates

The TOPSIS method is used to determine the optimal

that the structure of the NN model is promising for alternatives (ideal solutions), if the specific design
predicting the output variables (i.e. the CU, AR, and AT requirement or concept is proposed by consumers or
product designers. For example, if consumers prefer a
To evaluate the performance of the NN model in new characteristic toy with "extremely cute”, "slightly

terms of its predictive ability, the 7 samples in the test setartistic”, and "moderately attractive”, the TOPSIS design
are used. Rows 2-4 of Table 3 show the average assesseeécision support can be expressed in the following steps
values of the CU, AR, and AT preferences on the 7 test[1,11]:

samples given by the 150 subjects, and Rows 5-7 show
the predicted values for the 3 preferences by using the NNstep 1: Obtain the decision matrix C, i.e. the CU, AR, and
model trained in the previous section. The last column of
Table 3 shows the RMSE of the NN model for the test set.

_ As indicated in Table 3, the RMSE of the NN model step 2: Normalize the CU, AR, and AT values to allow a
is 0.0931. This result suggests that the NN model has a

high predictive consistency (an accuracy rate of 91.69%gtep 3: Calculate the weighted normalized decision
100%-9.31%) for predicting the values of the CU, AR,

preferences).

and AT preferences of characteristic

toys.

This

demonstrates that the NN model is suitable for modeling

consumers’ preferences
characteristic toys.

on

product

4.2 The TOPS S Decision Support

images of

Step 4: Determine

The NN model enables us to build a design decision
support database that can be used to help determine the

optimal product form for

best matching specific

consumers’ preferences. The design decision support
database can be generated by inputting each of all
possible combinations of form types on each form Step 5: Calculate the separation measures. The positive
element to the NN model individually for generating the

associated preferences values. The resultant design

AT values of 4,860 design alternatives generated
by the NN model.

comparable scale for all criteria by (10).

matrix. The weighted normalized value can be
calculated by (12). As an illustration, we can
assign the value of 1, 3, and 5 for the "slightly”,
"moderately”, and “extremely”, respectively.
Hence, the normalized weights of the "extremely
cute”, "slightly artistic’, and "moderately
attractive” are 3(5+1+3), 1/(5+1+3), and
3/(5+ 1+ 3), respectively.

the positive and negative ideal
alternatives. Obtain the positive ideal alternative
A" and the negative ideal alternative by (14)
and (15). In the illustration, we have
AT = (1.05030.12110.3903, and
A~ =(0.01040.0006 0.0011), respectively.

ideal alternativeS" is calculated by (16) and the
negative ideal alternativ§™ is calculated by (17).
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Table 2: The assessment of consumers’ preferences.

No. | X1 Xz X3z Xa Xs Xg X7 CU AR AT
13 2 1 1 4 3 3 73 61 64
2 |1 1 1 1 1 2 3 72 45 43
3 /2 2 1 3 3 1 1 70 64 41
4 |2 3 2 4 2 2 2 63 5 54
5|2 2 1 1 4 2 1 68 59 55
6 |2 2 2 4 3 2 2 65 66 69
7|2 2 2 4 5 2 2 5 6 6l
8 |2 3 2 4 4 2 2 53 61 60
9 |2 2 3 2 2 2 2 63 59 59
02 2 1 3 2 2 2 5 63 65
1]/1 1 2 3 4 2 1 70 69 67
2/1 1 3 2 2 2 1 57 54 6l
3|3 3 2 4 4 3 3 48 69 76
43 3 1 4 4 3 3 62 68 78
5|3 3 2 2 2 3 3 54 63 68

6|3 3 1 2 3 3 3 62 74 712
7|3 3 2 4 2 3 3 55 68 66
8|2 3 3 2 2 2 2 71 65 61
92 2 1 1 2 3 3 4 52 75
202 2 2 1 1 3 3 39 53 63

2012 2 2 2 3 3 3 4 5 58
2|2 2 2 3 2 3 2 44 74 62
23| 2 2 2 1 2 3 3 43 59 74
24 |2 2 1 3 2 3 1 54 60 62
5|2 2 2 2 2 1 1 63 52 62

26| 1 2 2 2 4 3 2 5 71 68
27| 1 2 1 2 4 3 2 57 61 66
8|1 1 2 2 1 1 1 62 56 73
2/1 1 1 3 5 3 2 76 67 74

30/ 1 1 1 3 3 3 2 68 5 65
311 1 3 2 2 3 2 71 60 70

321 1 1 4 4 1 1 61 49 51
331 1 1 4 5 1 1 72 59 57
34 |2 3 2 4 2 2 2 38 48 49
3|1 1 1 3 5 2 1 78 59 79

Table 3: RMSE of the NN model for the test set.

Sample No. 4 7 16 21 26 30 32 RMSE
CU 63 52 62 41 58 68 61

Fﬁgpjrgrr?:ers AR 52 66 74 50 71 59 49
AT 54 61 72 58 68 65 51
N CU 381 769 521 562 550 665 693
N AR 506 685 654 67.1 656 59.4 49.20.0931
Predictions

AT 473 774 720 736 696 646 523

Step 6: Obtain an overall preference valBefor each  product designer can use a computer aided design (CAD)
design alternativ€; by (18). system to facilitate the product form design in the new
Step 7: Rank 4,860 design alternatives by tiieiralue to  characteristic toy development process. Table 6 shows the
best match the desirable consumers’ preferencesoptimal combinations of form elements of the Top 1 and
To illustrate, Table 4 shows the top 10 ranking TOP 2 alternatives with “extremely cute”, "slightly
design alternatives with “extremely cute”, artistic”, and "moderately attractive”.
"slightly artistic”, and "moderately attractive”.

In addition, Table 5 shows their corresponding
combinations of product form elements individually. The
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Table 6: The optimal combinations of form elements of the TOP 1 and TOP 2 alteesativ

TOP 1 TOP 2

Form Element Form Type CAD Form Typa CAD

Length ratio of
head and body (X))

<12

,\
[B¥]
=

head and body (X7)

=

L
T head>body w head>body

Costume style ¢ ; B ‘ i
: robe two-pieces
) -
Cosburrts palicin simple ' simple f.
(X3) W e
Headdress - ﬁ £ B
(Xs) arc-shaped feathered L

Appearance of facial

features (Xg) entire features 4

entire feafures

&

o=
il Sppcmmnce cute style b4 cute style =
(A7) ’ Ak ’ ok
Table 4: The TOP 10 ranking design alternatives. Table 5: The corresponding combinations of form elements of
Ranking _ No. 5 S = the TOP 10 alternatives.
1 3643 0.2074 0.9427 0.8197 Ranking Form Elements
2 3454 0.2143 0.9566 0.8170 X1 X X3 Xa X5 X X7
3 3631 0.2159 0.9453 0.8141 1 3 1 3 1 5 3 1
4 3265 0.2277 0.9649 0.8090 2 3 1 2 1 4 3 1
5 3442 0.2288 0.9513 0.8061 3 3 1 3 1 4 2 1
6 3274 0.2220 0.8999 0.8021 4 3 1 1 1 3 3 1
7 3262 0.2232 0.9032 0.8018 5 3 1 2 1 3 2 1
8 3619 0.2316 0.9367 0.8018 6 3 1 1 1 4 3 1
9 3634 0.2552 1.0044 0.7974 7 3 1 1 1 3 2 1
10 3451 0.2278 0.8923 0.7966 8 3 1 3 1 3 1 1
9 3 1 3 1 4 3 1
10 3 1 2 1 4 2 1
5 Conclusion

In this paper, we have demonstrated how aexperimental study on characteristic toys, we have shown
consumer-oriented approach can be applied to build amow the characteristic toy design decision support model
NN-based TOPSIS decision support model for helpingcan support the product development process, in
product designers obtain the optimal alternatives (ideakonjunction with a CAD system. Although characteristic

solutions) that best meet consumers’ preferences. With atoys are used as the experimental samples, the
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consumer-oriented approach presented can be applied tc
other consumer products with a wide variety of product
form elements.
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