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Abstract

Quality Function Deployment (QFD) is a methodoldgy translating customer requirements
(CRs) into relevant engineering design requiremé@Rs). It is a team-based and disciplined
approach to product design, engineering and pragueind provides in-depth evaluation of a
product. The QFD team is responsible for asseshmgelationships between CRs and DRs and
the interrelation between DRs. In practice, eacimb@ demonstrates significantly different
behavior from the others and generates differes¢sasnent results, leading to the QFD with
uncertainty. In this paper enter each member'sestibbg assessment into the house of quality
(HOQ) and allocate a set imprecise data for eaddtioaship. In order to get the scores
(efficiencies) of DRs, we will introduce a new da&tavelopment analysis methodology which
it's inputs and outputs are set imprecise datathla new methodology, two specially
constructed DEA models are used to derive the dffistency and the lower bound of the best
efficiency for each DR. The answers of each modéllve a set data efficiencies which by
using the Arithmetic Average Method we will reable goal.

Keywords: Data Envelopment Analysis, Quality Function Dgphent, House Of Quality, Set
Imprecise Data, Group Decision Making.

1 Introduction

Organizations that pay attention to quality andauer requirements (CRs) stay ahead
of competition and survive in the modern compegitmarket place. A variety of tools
are available to organizations in order to helprttaechieve this goal. Quality function
deployment (QFD) [1] is one such extremely imparigumality management tool that is
useful in product design and development and foncbmarking. It has been
successfully introduced in many industries to inwerodesign process, customer
satisfaction, and to create competitive advanta§e?].] The quality Function
Deployment concept has been first developed innJapal966 by Yoji Akao and
disseminated through a paper, in 1972 [3]. It adivn the United-States in 1984 and
later on in other industrial countries [4]. A corapensive literature review of QFD and
it's extensive applications is provided by Chan Wha[5]. QFD is known by it's house
of quality (HOQ) which has a matrix format [1]. HO® an important tool for QFD
activities, containing information on "what", i.elstomer requirements (CRs), "how",
l.e., design requirements (DRS), relationship betw&CR" and "DR", and a triangular-
shaped matrix placed over the design requirementiesponds to the interrelation
between them. Traditionally, QFD rates the desgpguirements (DRs) with respect to
customer requirements (CRs), and aggregates tirggsato get relative importance
scores of DRs i.e., traditional QFD uses the weidlgum method to prioritize DRs
[6,7]. In practice, a QFD team is set up to detaarthe importance levels of DRs by
computing the relationships between CRs and DRsralationship between the DRs
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themselves with the importance score of each CBrofip of customers are selected for
assessing the relative importance of CRs. In otalaget the best relative importance
scores of DRs in QFD, this methodology requiresgaifsicant number of judgments
from QFD teams and customers. There are studidstewmine the priority for CRs and
DRs in QFD literature. The relative importance d®<Cmay be obtained using simple
methods such as direct rating, or more complex snel as the swing methods [8], the
analytic hierarchy process (AHP) [9], a well-knoand commonly used multi-criteria
decision making method, and it's variants: fuzzy PAHanalytic network process
(ANP)[10] and fuzzy ANP. Design engineers usualbyrabt have sufficient knowledge
and information about the influence of engineeregponses on CRs, due to the lack of
information or language hedge from the customeeséhconsideration have made the
applications of fuzzy approaches and imprecise lpmg in the importance score of
each CR and the relationships between CRs and BiRtha relationships between DRs
themselves. There are several studies to dealtinghsague nature of QFD [11,12,13].
Fuzzy logic and fuzzy inference have been extehsmgplied to assess the importance
of CRs and prioritize DRs [14,15]. Some studiessaber the fact that each member of
QFD team may express different ideas. To cope thithsituation Ho et al [16] discuss
group behaviors in QFD and present an integratedpgdecision making approach for
aggregating team members' opinions in the caseendane members in a team have an
agreed criteria set while others prefer individaateria sets. Then they use voting and
linear programming techniques they get the relaiimportance of DRs. Buyukozkan
and Feyzioglu [17] present a fuzzy logic based grdacision making approach with
multiple expression formats for QFD. Chin et al][t8&imed that although there are
quite a lot of studies to deal with the ambiguoature in the process of QFD they do
not address the issue of how to deal with incorspletprecise and missing information
in QFD. To deal with this uncertainty environmehgy developed an evidential reason
(ER) based QFD methodology. This methodology alamustomers and QFD team
members to express their opinions using a unifieliebstructure independently, can
accommodate judgments that may be complete or ipkaie) precise or imprecise and
ignorance information. On the other hand, tradaloQFD process does not explicitly
incorporate cost and environmental factors. Thestofs are incorporated in further
analysis. Some studies have considered the lewdiffafulty, some others cost or ease
of implementation. However in general, studies hawesidered only one extra factor in
their analysis [19,20]. Finally Ramanathan and “éugf [21] proposed data
envelopment analysis (DEA) [22,23] to incorporatstcand environmental factors in
QFD. They view each DR as a decision making uni{I). Then by using the input
and output definition in DEA, they classify CRs avttier factors as inputs and outputs.
So CRs and ease of implementation are consideredtpsts, factors like cost and level
of difficulty as inputs. If there is no input (like traditional QFD) they use a dummy
input with a constant value of one for all DMUs. Bglving the CCR-input oriented
model for each DMU (DR) they get the relative intpace of each DR. In this paper to
cope with the uncertainty in QFD, a new impreci$seAlJIDEA) methodology [24] will
be introduced to get the best scores for each DRhi$ new methodology we will enter
each member's subjective judgments into the HOQa#lndate a set imprecise data for
each relationship, then we introduce two especiaetigstructed DEA models which
their inputs and outputs are set imprecise datasdying these two models for each
DR we get a set efficiency for each of them. Thenubing the arithmetic average
method, we will get the best and the worst efficiea for each DR. Since DEA and
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QFD are not new to the field of operations manag#meterested readers are referred
to the prominent articles. The rest of this papesrganized as follows: The use of DEA
in estimating the relative importances of DRs aqg@laned in section 2. We introduce a
new imprecise DEA methodology and describe in tetai section 3. This paper is
concluded in section 4.

2 DEA-QFD methodology
2.1 Quality function deployment

QFD begins with the identification of customer regments and their mapping into
relevant engineering design requirements, as showg. 1, wher€R,,CR,,...CR,,

are the m identified customer requiremeb,,DR,,.... DR, are the n relevant
engineering design requirements,, w,, ..., w,, are the relevant importances of CRs

WhiChZWi =1 andw; >0 fori=1,...,m, R; is the relationship betwedtR, and DR,

i=1
, and r; is the interrelationship betweedR; andDR, , satisfying;, =r, for j, k=

1,...,n. The relationship between CRs and DRs refléee impact of the fulfillment of
DRs on the satisfaction of CRs. These relationssiymild be developed by QFD team
members. The relationship between CRs and DRshencktationship between the DRs
themselves are usually determined subjectively impiguous or vague judgments.
However they are usually captured using symbolyeded into crisp numbers using
different measurement scales. The degree of tlegigonships is usually expressed on
a scale system such as 0-1-3-9 or 0-1-3-5, reptiagelmguistic expressions such as
"no relationship”, "weak/possible relationship”, édium/moderate relationship”, and
"strong relationship”. In this paper, rating sc@i8 is defined to characterize different
strengths of the relationships between CRs and &Rshown in Table 1. Other rating
scales can also be defined. It is not our purpo®xplore which rating scale is the best
or more appropriate for a specific situation, whigheyond the scope of this paper.

As the shape of this figure looks similar to a hguso it referred to as the house of
quality.
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Fig. 1 The house of quality in QFD
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Usual procedure for estimating the relative impares of DRs with respect to CRs is
to use weighted arithmetic aggregation rule. Ndtat,t when there are significant
interrelations between the DRs, in many studiesalewing normalization procedure

suggested byWasserman [6] is usually employechierdurpose:

N
norm Z‘ Rl . . @
Dij =44 —- i=1..m, j=1..N
Z errlj
i=11=1

whereR;; denotes the relation level in terms of score betwtbeCR, andDR; ; and ;

is the interrelation score betwe®R, andDR,; . Dir]orm

is the normalized relationship
value betweenCR, andDR;, m is the number of CRs, N is the number of DRd an

Zi Dirjlorm =1 for each i. Thus, if there is significant inteabns between the DRs,

phorm
]
CRs, otherwiseR;; can be directly used.

must be used in estimating the relative importaneeDRs with respect to

Table 1 Rating scales for the relationships between CRL#Rs, and interrelation between DRs
themselves

Definition for

Rating

Relationship matrix Matrixinterrelationship

9 Very strong relationship Very strong interrelation

7 strong relationship strong interrelation

5 Moderate relationship Moderate interrelation

3 Weak relationship Moderate interrelation

1 Very weak relationship Very weak interrelation

0 No relationship No interrelation

2,4,6,8 The relationship between these The interrelation between these
intervals intervals

2.2 Incorporating additional factorsin QFD using DEA

As mentioned in 2.1, traditional QFD involves a gienprocedure for estimating the
relative importances of DRs with respect to CRsweMer this procedure is disable to
estimate the relative importances of DRs with respe not only CRs but also other
additional factors such as cost, ease of implenienteenvironmental factors, etc. have
to be considered. To cope with this weakness, Rathan and Yunfeng employ DEA
to compute the relative importances of DRs wheresshadditional factors need to be
considered. They prove that the relative importaralaes computed by DEA coincide
with traditional QFD calculations when only theimgs of DRs with respect to CRs are
considered, and when only one additional factocl{sas cost) is considered. They show
that DEA provides a simple and general frameworlifating QFD computations
when more factors need to be considered, and leaftettibility to treat QFD ratings as
qualitative factors [21].

In this methodology each DR is considered as a Did the efficiency score of
DR is considered as a measure of its relative itapoe. In order to classify the CRs
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and other additional factors as inputs and outphés; use the suggestion of Golanyand
Roll [25]. By using this logic, CRs and factors Buas ease of implementation are
considered as outputs, while factors such as cakteavel of difficulty are considered as

inputs. The corresponding output-input matricessai@vn in Table 2.

Table 2 Classification of CRs and additional factors asuisand outputs
Outputl(CR1) Outputl(CR1) : Outputl(CR1) Additional output factors Additional input factors

Outputk+1 : Outputs Inputl : Input m
DMU1(DR1) Yu Yan : Yi1 Y : Ysa1 Xq1 : X1
DMU1(DR1) Y1 Y2 ' Yo Yz 0 Ys2oo Xp ' X2
DMUn(DRn) yln y2n ' ykn yk+1,n ' y2n Xln ' er

In order to impose the relative importances of CiRe, method of Assurance region
(AR) is employed. Thus additional constraints thagcify the relationships among the
multipliers are appended to the DEA model. HenegheDMU has m inputs and s
outputs (which k of them are the CRs (k<s)), basedvhich the following restricted
input-oriented CCR model is built to assess thieieficy score (relative importance) of
DRs:

S
max E,=>u.y,,
r=1

st.
m @
ZViXiO =1
i=1

duy, —DVvix; €0, j=1..n
r=1 i=1

u =0, v, 20, r=1.s,i=1.m
By imposing the importance of CRs and other add#iofactors by introducing
additional constraints of the form af, =d,u, for allr =1,...s (whichr =1,...k)

indicates the importances of CRs, the model carWwatten as follows:

S

max  E,= Zur Yio
r=1

st.

ivixiozl
=

DUy, —DVvix; <0,  j=1..n
r=1 i=1

u, =d.u,, r=1..k
u =0, v, 20, r=1.s,i=1.m

)

The linear programming model (3) is solved forth# DMUs to estimate their relative
scores.
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3 New | DEA methodology

Due to the usual procedure in traditional QFD, ridationship between CRs and DRs
and interrelationship between DRs themselves shbaldletermined by QFD team

members. Different from the traditional QFD, whigguires team members to provide
a consensus assessment for each relationshipJowetake team members to enter their
opinions into the calculation, directly. SupposattQFD team consists of t members or
decision makers (DMPM ,,DM ,,....DM, who judged that the relationship between

CR, (or other additional output factors) amR, arey,lj ,y,f,...,yﬁj , respectively and

the relationship between cost (or other additiomgut factor) and DR; are

xjx”zxfj respectively, and the interrelation between DReniselves are

Mg T -l » respectively so thay; ,x; andr, that I= 1,...,t belong to the rating

scale that exists in Table 1.
Thus the relationship betweenutput, and DR, is{y}j,y,f,...,y:j}that is a set

output data and the relationship betwéeput; and DR, is{xi} X2 ,xitj}that is a set

e
input data and the interrelation betweBiR, and DR, is{ Mo rt} that is a set

A
interrelation data.

If we enter these set data into HOQ, the HOQ walhsform into a new HOQ with
imprecise data, as shown in Fig. 2. We called @@H(Imprecise House Of Quality).

1.2 0
.o 1 2 t
{ruv ECIRRLPE {I’nn,l'nn,...,l'nn}

DR1 e DRn
CR, | wiwim]) (RLRL-R] (RoRE R}
CR2 {W; W22 W‘Z} {Rélszzl YYYY RIZ {R;n R22n """ R‘Zn}
CR, | fwimz.mi) (ReRe R (R Ry )

Fig. 2 IHOQ: House Of Quality with Interval information

If we enter these set data into a DEA model, thelehavill be nonlinear. In order to
transform it into a linear programming, equivalgntve employ some assumptions: In
order to make an ordering set data, without losgeoierality, we assume that this set is
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non-decreasing, otherwise we order them. We represeh element of the set Wj
for outputs andk;; for inputs whichl =1,...t so that ={1,...t}.
Different set oi(i'j , y,'j have different value of efficiency that evaluatesarh of

them is so expensive and time-consuming, so herevaigate, only, the best and the
lower bound of the best efficiencies. In orderdach our goal, we introduce a new pair
of IDEA models.

3.1 Proposed models

We construct two especial IDEA models as follows.
Suppose there are n DRs that we must estimateetave importances of them with
respect to s output factors and m input factord,sappos@ = a —m and

(1 1gasm (1 m+isasm+s
1710 otherwise’ 2710 otherwise

If there is no significant interrelation between e can construct the following
linear models for calculating the set efficiencéBR,,:

s t
max Eff 5= > uryio+%kzZUﬁy}xo
=1

r=lrzpg
st.
n t @
> vk YV b, =1
i=lj za t =1
DUy -DVvixi <0, j=1..n
r=1 i=1
u ¢ Vv, 2& r=1..s,i=1.m
U S 1 1 : |
max Effao - z uryr0+_k22uﬁyﬁ0
r=lrzpg t =1
St.
m t (5)
> VX + kY K= 1
i=lj#a t =1
duys-DVvixi <0, j=1..n
r=1 i=1
u =& Vv, 2¢& r=1..s,i=1.m

where subscript O represents the design requirar(®MU) under evaluationy, and

v; are decision variables arlis the non-Archimedean infinitesimat: is the index of
set input or set output of DR (DMU in DEA) undemsaderation. On the other words if
a factor of set data (set input or set outputiden consideration f@@‘" DMU, except
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it, other set data of0®® DMU in model (5) and (4) will be in their highegalues and
their lowest values, respectively.

If the relevant importances of CRs are precise hisigwe can impose them into
our proposed model by using AR method in DEA. Sorttodels will be as follows:

S

t
max Eff 5= ) uryio+%kzZUﬁy}xo
=1

r=lrzpg
st.

m t 6
> VXl ok, YV X0 =1 ©
i=lj za t =1
DUy -DVvixi <0, j=1..n

r=1 i=1
u, =d.u,, r=1,..k
u =& Vv, 2¢& r=1..s,i=1.m

max Effl= D uylr koY uYhe

r=lr#p8 =1
st.
i v X! +}k iv xh =1
. %0 t 1|:1 a™a0 (7)
zufy:j _zvixj —O' J :11 n
r=1 i=1
u, =du,, r=1,...
u =& Vv, 2g, r=1..s,i=1..m

where Eff & in (6) fora =1,...m+s, stands for the best possible set relative effirye
achieved bpMU, when all the DMUs are in the state of best produncactivity [26],
while Eff &, in (7) fora = 1,...m +s, stands for the lower bound of the best possigle s
relative efficiency oDMU ;.

Proposed models enable us to find the max and etireficiency of the best
possible set relative efficiency BR,. By taking the average of the max set efficiencies

(min set efficiencies) we can get the best (theelowound of the best) efficiency of
each DR.

Definition 3.1
1 m+s
& = Eff Y 8
° m+s azzl a0 (8)
1 m+s
G- = Eff - 9
0 m+s HZ:1 a0 ( )
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Where & in (8), represents the best possible relativeieficy ofDMU, and 8, in (9)
represents the lower bound of the best possibktivel efficiency oDMU,. They
constitute a possible best relative efficiencyr’rmst{6?L 65 ]for DR,.

About the relationship betweeff and&’ we have the following theorem.

Theorem 3.2

If Eff Y and Eff }, for a =1,...m+sare the optimum objective function values of
models (6) and (7), respectively, then

Eff & <Eff Y .

a0 —

Proof.
Supposau, andv; are the optimal solution to model (7). Egra <m, let

Z V. x|0+ k Zvaxa0

i=lj#a
L _u A
u=-"-, r=14.s, v,=—"-, i=1.m
%, 28

It follows that

¢0: ZVX t- kzva aO— ZVX|O+ klzva a0~ 1,

i =l 2o i =1j 2a

mo L 1 t m V-* L t V*

z ViX|0 t_ z z _IXi0+klzt z Vi XI O+ klzvaxao
i=lj 2za |= i=1lj#a Yo I=1 ¢o o \i=1#a

> ~ t 4 Tl — l 2 * ot g * ol H—

Gy =D Vixj=—|duy;->Vvx; <0, j=1..n
r=1 i=1 ¢o r=1 i=1
~ U _ € .V, _ £
u=—=2—2¢ V, =L>—2>¢.

¢0 ¢0 ¢ ¢0

It is obvious thatl, andv, are a feasible solution to model (6). Thus, we have

Zu er—EffaO’
Effjo = >, UWYieS D Uyie= D (841 Vo
r=lr#p8 r=1r#p8 r=1y#4

¢0( Z r0j—¢oEff:o < Eff U
r B

In a similar vein, the theorem is proved wheftl<a<m+s.
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Corollary 3.3
If & in (8) andg, in (9) are the best possible relative efficienog ¢he lower bound
of the best possible relative efficiencyl@¥U ,, respectively, then
g, <6 .
Note that, if there is significant interrelationtlveen DRs, in order to enter the impact

of these relations on the relationships between &RISDRs, before ordering the sets,
we use the following model.

Definition 3.4
Suppose there are t decision makers (DMs) or teambars and leh, >0( =1,...t )

t
be the relative importance weight of each DM symgz h =1, thus

=1
N
0; =|leh,Ri'p.r;j, i=1..k, I=1.t, j=1.N

where t denotes the number of decision makersdkstand for the number of CRs and
DRs, respectively.

As you see, we do not use any normalization inmocedure. In our view, the
purpose of normalization in QFD is to eliminate theension of different DRs and
make them comparable within the same range of tiamiguch as [0,1]. According to
DEA methodology, DEA models deal with different it and different outputs with
different dimensions and also, the relative impwés determined by model (6) and (7)
are all within the interval [0,1], Thus these tvaatures make normalization in fact not
necessary.

Thus, when there are important interrelations betw2Rs, we use definition 3.4,
then we will enten]'ij (where I=1,...,t) into our proposed models (6) and (

We construct proposed models by using the CGLRaodel and in order to take
account the relative importances of CRs, we usairdasse Region (AR) method in
DEA. By solving these two models for each DR we gah the best and the lower
bound of the best set efficiencies of them.

Proposed models enable us to find the max and etirefliciencies of DRs. By
taking the average of the max set efficiencies (s@nefficiencies) we can get the best
(the lower bound of the best) efficiency of each. DR

3.2 Prioritizing the design requirements

For comparing and ranking the interval numbers we the approach of Wang et al
[27]. The approach is summarized as follows.

Leta=[a _,q,] andb =[b, b, ] be two interval numbers
The degree of preference for interval numbers eaddfined as follow.

Definition 3.5
The degree of preference of a over b or (a>b) ameeb a or (b>a) is defined as

126



Journal of Applied Mathematics, Islamic Azad University of Lahijan, Vol.8, No.4(31), Winter 2012, pp 117-130

P(a>b)= max(0a, —b_ )~ max(Gg_-b, |
(a -a)+({b, -b,)

max(0b, —a,_ ) max(®,_-a, '
(a -a)+({, -b,)
It is obvious that P(a>b)+P(b>a)=1

P(a>b)=

Definition 3.6
If P(a>b)>P(b>a), then a is said to be superids to the degree of P(a>b), denoted by

P(a>b)

a > b;if P(a>b)=P(b>a)=0.5, then a is said to be imddht to b denoted by a=b; if
P(b>a)>P(a>b), then a is said to be inferior tkhe degree of P(b>a), denoted b

P (a>b)
a <b.

By using this approach the interval numbers rardeiso our DRs will be ranked.
3.3 A numerical illustrative example
In this section we present an illustrative examjpleshow how our proposed IDEA
methodology can be used to model uncertainty in (Fiippose there are 5 CMs and 5

DMs. The relative importances of CRs are presemtdable 3.

Table 3 The relative importances of CRs

CRs The relative importances of CRs
CR1 0.2865
CR2 0.0882
CR3 0.2342
CR4 0.1886
CR5 0.2247

Table 4 and 5 show the assessment information geedviby 5 DMs on the relationships
between the 5 CRs and the 5 DRs and the relatiopdigtween the additional factors
(cost, ease of implementation and adverse enviratahenpact) and DRs, respectively.
Suppose there is no significant interrelationsk@een DRs.

Table 4 Assessment on the relationships between the 5888 DRs
DRs

CRs DMs

CR1 DM1
DM2
DM3
DM4
DM5
CR2 DM1
DM2
DM3
DM4
DM5
CR3 DM1
DM2
DM3
DM4
DM5

Py
=y
A
N
A
w
P
~
A
)]

RPORRPRRPROORRO~N®O©O®O|g
WWNRPRPWORRPNWWWWW|[g
WNNNWOOooOoMDIMMO|g
U WhUIOO©O©O©ORRPRRR|g
PFRRPRPOOORROONO©®®g
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DRs
CRs  DMs DRL DR2 DR3 DR4 DR5
CR4 DM1 1 0 1 5 1
DM2 1 0 1 6 1
DM3 1 0 1 6 1
DM4 1 0 1 7 0
DM5 0 1 1 8 1
CR5 DM1 1 0 1 1 1
DM2 1 0 0 1 1
DM3 1 0 0 1 1
DM4 1 0 0 1 1
DM5 1 0 1 1 1
Table 5 Assessment on the relationships between the additfactors and DRs
. DRs
additional factors DMs ORI DR2 DR3 DRA DRE
ease of implementation DM1 5 1 8 1 6
(output factor) DM2 7 2 9 1 6
(9 Easy, 1Tough) DM3 6 0 9 1 6
DM4 6 1 8 1 7
DM5 6 1 9 1 6
cost (in cost units) DM1 4 5 6 10 4
(input factor) DM2 4 5 7 11 4
DM3 5 6 6 11 5
DM4 5 6 7 10 4
DM5 5 5 6 10 5
adverse environmental impact DM1 1 7 9 1 1
(input factor) DM2 1 7 9 1 1
(9 bad, 1 good) DM3 1 6 9 0 1
DM4 1 7 9 1 1
DM5 1 7 9 0 1

Table 6 Assessment on the relationships between all faetod DRs as ordering set data

Factors DR1 DR2 DR3 DR4 DR5
CR1 {78899 (353333} {01,111} {1,1,1,1,1} {7,8,8,9,9}
CR2 {0,0,0,1,1} {0,1,1,2,3} {89,9,9,9} {9,9,9,9,9} {0,0,0,1,1}
CR3 {0,1,1,1,1} {1,1,2,3,3} {2,2,2,3,3} {3,4,5,5,5} {0,1,1,1,1}
CR4 {0,1,1,1,1}  {0,0,00,1} {1,1,1,1,1} {5,6,6,7,8} {0,1,1,1,1}
CR5 {1,1,1,1,1}  {0,0,0,0,0}  {0,0,0,1,1} {1,1,1,1,1} {1,1,1,1,1}
ease of implementation (56,6,6,7} {0,1,1,1,2} {8,8,9,9,9} {1,1,1,1,13 {6,6,6,6,7}
Cost {4,4555} {55566} {66677} {10,10,10,11,11} {4,4,4,5,5}
adverse environmental impact {1'1,1'1,1} {6,7,7,7,7} {9'9,9'9,9} {0,0'1,1'1} {1,1'1,1'1}

Table 6 represents the relationships betweenabfsand DRs as ordering set data.
Using data from Table 6 and solving our proposeddets (6) and (7), for

a=1,..,8(m=2, s= 6) and=10"°, we get the max set efficiencies and the min set
efficiencies of DRs. The results are representélhinle 7 and Table 8, respectively.

Table 7 The best possible set relative efficiency of DBm@g proposed model (3.3)
o DR1 DR2 DR3 DR4 DR5
a=1 0.9915 0.4504 0.8036 0.9615 0.9943

a=2 1 0.4865 0.8571 0.7943 1
a=3 1 0.4865 0.8571 1 1

=4 1 0.4524 0.8571 1 1
a=5 1 0.4299 0.8571 1 1
a=6 1 0.45 08571 1 0.9859
a=7 09859 04865 0.8571 1 0.9859
a=8 0.8927 0.4865 0.8190 1 1
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Table 8 The lower bound of the best possible set relaffieiency of DRs using proposed model (3.4)

o DR1 DR2 DR3 DR4 DR5
a=1 0.7082 0.2444 0.7143 0.5031 0.8223
a=2 0.7042 0.22 0.6531 0.5448 0.8451
0.7042 0.22 0.6531 0.4834 0.8451
0.7042 0.2448 0.6531 0.4834 0.8451
0.7042 0.2671 0.6531 0.5371 0.8451
0.7042 0.2264 0.6531 0.5267 0.8333
0.7042 0.22 0.6531 0.4834 0.8333
0.8451 0.22 0.7020 0.4834 0.8857

*RReeee
I
0N UAW

Now in order to get the best and the lower bounthefbest efficiencies and make
interval efficiency for each DR, we use arithmetierage.

The final interval efficiencies of DRs are presehie Table 9, from which the

ranking order of 5 DRs can be generated as

68.85% 71.99% 52.91% 100%

DR5 -~ DR1 > DR3 > DR4> DR
using definitions (8) and (9).

Table 9 The interval efficiencies of DRs and their rankovgler

Design DR1 DR2 DR3 DR4 DR5
reqmrements

interval [0.7223125,0.9837629D.232825,0.4660875P.6668625,0.84565]0.5056625,0.96947590.848125,0.9957625]
efficiency

ranking order 2 5 3 4 1

As can be seen from Table 9, the proposed methggeiealuate DR5 as the most
important design requirements, and DR2 as the isgsirtant design requirement.

As mentioned in the previous sections, we entehn sabjective judgments of DMs into
the HOQ, directly, and considered them as set fdataach relationship. We consider
all the DM's information together rather than distiinformation. As can be seen the
answers are logical and the proposed model istsansi

4 Conclusion

Organizations that pay attention to quality andt@uer requirements stay ahead of
competition and survive in the modern competitivarket place. In this way, QFD is an
extremely important quality management tool thatugeful in product design and
development and for benchmarking. QFD has two itgpbrweaknesses. In this paper
to cope with these weaknesses we introduced twaalyeconstructed IDEA models in
set data environments. By solving these modelgdch DR we could be able to get the
best efficiencies and the lower bound of the b#sfiencies of them.
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