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Abstract

Data envelopment analysis (DEA) is an approach tagure the relative
efficiency of decision-making units with multipleguts and multiple outputs
using mathematical programming. In the traditioD&lA, it is assumed that we
know the input or output role of each performanceasure. But in some
situations, the type of performance measure is omkn These performance
measures are called flexible measures. In additlmn traditional DEA needs
crisp input and output data which may not alwaysatailable in real world
applications. This paper discusses the input gouiuble of flexible measures
using the DEA in environments with interval inpuéd outputs. The
application of the proposed DEA models is showmaitreal dataset.
Keywords: Data envelopment analysis; interval data; flexibkeasures

1- Introduction

Data envelopment analysis (DEA) was developé@daily for measuring the relative efficiency of
peer decision-making units (DMUs) where multipleputs and multiple outputs are available
(Charnes et al., 1978, Banker et al., 1984). Thé\DAs been used in a variety of environments
including the public sector, banking, insurancejcadfure, transport, power industry, and many othe
applications (Kao and Hwang, 2008, Jahanshahlah,62004, Wang et al., 2009, Zhang et al., 2009,
Du et al., 2010, Tavana et al., 2013, Kao et &172 Eskelinen, 2017, Liu et al., 2017, Du et al.,
2017, Fan et al., 2017, Wang et al., 2017, Amirtgirhet al., 2016). The conventional DEA analyses
require a set of measures and it is assumed thanplut or output role of measures is known. But in
many situations, there are measures whose situsifliexible. For example, in the evaluation of
research productivity in the university, like whads been discussed in Beasley (1990), Beasley
(1995), there is always the question that whetherésearch income is an input or an output? In
articles, many authors have suggested that it dhioelconsidered as an input because this is the
money earned by the university and it is usedtierdame period. Others argue that this is an income
obtained from the university, therefore it shoukl donsidered as an output. However, to obtain a
higher efficiency score, some universities may wershe research income as an input and others see
it as an output. The main question is how to deeideut the role ofesearch income for each
university? Similarly, in a conventional study dissing the operational efficiency of bank branches
for investment attraction, like what has been dised inCook and Hababou (2001), Cook et al.
(2000), a factor such as the numberhajh value customers can be considered either as input or
output.
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It can be said that in cases where there isquity, the correct selection of the input or outpole
of a performance measure mainly depends on thesfgiossible behavior with the DMU. Thus, the
organization must adopt the fairest possible amproaith the least opposition for efficiency
evaluation. Bala and Cook (2003), and Cook and @2007) pointed to very similar questions in the
context of the DEA. Bala and Cook (2003) studiesl decision problem on the suitable situation of
flexible measures when additional information isitable. In particular, they studied a situatioatth
consultants of bank branches present additionakifleation data and specify good or bad branches.
The idea is that any flexible measure is givent@ation so that obtained efficiency scores have the
most consistency with expert opinion. A major pewblin the method proposed by Bala and Cook
(2003) is that additional information must be eatefor making decisions on the situation of each
variable. Cook and Zhu (2007) proposed a diffeegiroach for classification of flexible variables.
They introduced a single model and a model thaimipes the cumulative efficiency of a set of
DMUs. Toloo (2009) showed that the use of Cook Zhd (2007) may lead to inaccurate efficiency
scores in some cases due to a computational eyrentering a large positive humber to the model.
He then proposed a revised model that did not sael a large positive number. Amirteimoori and
Emrouznejad (2011) proposed a new model for worlgitl flexible measures and demonstrated that
the main disadvantage of the model proposed by GomuokZhu (2007) is that it overestimates the
efficiency. The proposed approach by Amirteimoord &mrouznejad (2011) was extended to the
slack-based model by Amirteimoori et al. (2013).rbtaver, Amirteimoori and Emrouznejad (2012)
showed that the modified model of Toloo (2009) ispecial case of the model of Cook and Zhu
(2007) and it is not applicable in many cases.vikarnking with a flexible measure, Cook et al. (2006)
developed a model that considers only a singleofaand it ignores many flexible measures. This
approach was extended to the mode of multiplelflexneasures by Farzipoor Saen (2010).
The traditional DEA models assume that exact dedeagailable for all inputs and outputs. In some
applications, however, some of the factors may uithel imprecise data (Amirteimoori and
Kordrostami, 2005, Kim et al., 1999, Smirlis et 2006, Khalili-Damghani et al., 2015, Jahed et al.
2015). The nature of these imprecise data dependke characteristics of the particular problem
(Kao and Liu, 2004, Kao and Liu, 2011, Liu, 200Bpr example, they could be in the form of
missing values, integer values, judgment data,yfdz¢a, rank data, etc (Cooper et al., 2001, Kab an
Liu, 2000a, Kao and Liu, 2000b, Amirteimoori andrlmstami, 2014, Cook et al., 2012, Cook and
Zhu, 2006). Various DEA models have been develdpedealing with imprecise data (Smirlis et al.,
2006, Azizi, 2013b, Kao, 2006, Lozano and Villap&0Liu, 2014). Farzipoor Saen (2011) extended
the proposed model of Toloo (2009) for the medlacti®n problem in the presence of both types of
flexible factors and imprecise data. The proposé&d Dnodels of Farzipoor Saen (2011) have some
shortcomings: (1) They always overestimate or uggtanate the efficiency; and (2) they are not
applicable in many real cases. To overcome thiblpro, in this paper we extend the proposed
approach of Amirteimoori and Emrouznejad (2011). Wédieve that this approach is an important
contribution to the interval DEA discussion whicistbeen less studied.
The paper is organized as follows. Section 2 pted@e interval DEA models. Section 3 provides an
interval DEA based approach for modeling producpoocesses in the presence of flexible measures.
In section 4, the DEA models of Farzipoor Saen {30dre analyzed. Section 5 shows the
applicability of the proposed DEA models for mede&dection in Iranian steel industry. Section 6 is
the conclusion.

2- Background
2-1- Interval DEA models for measuring optimistic &ficiency of DMUs

In DEA analysis, it is generally assumed tha&reharen production units, each usingn inputs
and producing S outputs. Specifically, the jth production unit consumes the values

Xj =(x1j,...,xmj)26, Xj #0 (j=1...,n), from the inputs, while it produces the values

Y, = (Yo ¥g) >0, Y, 20 (j =1...,n) from the outputs. In interval DEA, it is assuntbdt a

few of the precise values of inpi; and outputy,; are unknown. The only thing we know is that
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they all fall in the upper and lower bounds of tamge determined by intervals¢,x;] and
[V;,¥;]; wherex; >0 andy; >0.

To deal with such an unreliable condition, the pdilinear programming models has been created as
below, so as to produce the upper and lower boahdptimistic efficiency for each DMU (Wang et
al., 2005):

max ¢ =3 uy,
st DT Uy => VX <0, j=1..n,

(1)
m L —
Zi=lvixi°_1’
u,v, 20, r=1....,s; i=1....m
max ¢ =3 UV,
st DT Uy =Y vx <0, j=1..n, @
2% =1
u,v, 20, r=1...,s; i=1....m

where DMU, indicates the DMU under evaluatiow, (i =1,...,m) andu, (r =1...,S) as the
decision-making variablegf’ and ¢ are optimistic efficiencies under the most favéeatnd the
most unfavorable conditions fdDMU, respectively. They form the optimistic efficientyerval

[¢,¢']. If there is a set of weights that malggs =1, then DMU, is said to be DEA efficient or

optimistic efficient; otherwise it is called DEA nefficient or optimistic non-efficient.
The dual program of models (1) and (2) is as follow

min ¢’
st YAk sk, i=1..m
j=1

n ®3)
DAY 2V r=1..5,
=1
A20, j=1..n ¢ free.
min ¢
st. YAx s@x, i=1.m,
@)

A20, j=1...n ¢ free.
If the classic technology with constant return tals is used, then the Production Possibility Set
(PPS) is defined as below:
T:{(X,Y ZAijLsX,Z/]j\(jUZY,/]jZO,j=1,...,n} (5)
i=1 i=1

T is a closed and convex set and the frontier pdintsre defined as efficient production frontier.
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3- Flexible measures in production process
3-1- An axiomatic foundation
Assume thah DMUs are to be assessed in termsyofinputs ands outputs. Assume that

% (i=1...,m)andy, (r=1...s) are the input and outputs values BMU; (] =1...,n),

respectively. Furthermore, assume thais the flexible measure, (k=1,...,t), the input/output

condition of which is undetermined; these measunght be taken into account as input in some
DMUs and as output in some others.
With regard to generality of the subject nowsuase that there are only three performance measures

X, Y, and Z for each DMU in the assessment model. Assume Thas the PPS of technology
under study. Several facts are assumed as below:

Al- Feasibility of observed data: (X,,Y,,Z;)OT for eachj =1,...,n

A2- Unbounded ray: (X,Y,Z) o7 implicitly means that we havg(X,Y,Z) OT for each$=0.

A3- Convexity: Assume(X',Y’,Z')D'I: and (X",Y",Z")D'I:, then for eachA J[01] we have
AXY',Z') + @=-A)(X"Y",Z")OT .

A4- Free disposability:(X,Y,Z)D'f,X'Z X, Y'<Y, (either Z'>Z or Z'<Z) imply that
(X',Y',Z)OT.

A5- Minimal extrapolation: 'I: is the intersection set of all' s satisfying the postulates 1, 2, 3, and 4,
and subject to the condition that each of the (thvector$xj Yj ,Z]. )OT', j=1,...,n.

Now an algebraic representation is given for PP&dﬁnoIogy‘I: in order to support axioms Al to
A5.

Theorem I The PPSf , true in axioms Al to A5, is defined as follow:

Y AXE X, YAV 2Y, (either> A Z" < 7
-l'—\: (X,Y,Z)le ) j=1 j=1 (6)
orY Az} 27),A4,20j=1..,n
j=1

Proof: It is clear that'I: set is true in axioms Al to A5. In order to s'éeis a minimal set; assume
that T' as well supports Al to A5. We should show txt,Y,Z)OT implies tha{X,Y,Z)OT".
Consider the below representation for (MtY,Z).

DA X< X

=1

DAY =Y

=1

eitherZ:AijL <Z
=1

or Y Az} 2Z
=1
For vectorA = (A, A4,,...,A,) of this representation, we define:
(X3:Y0.2,) :(Zpﬂjxj’zjzl/]ij'Z;q)'ij)

It is clear tha(X,,Y,,Z,)OT"; a unit dominating ovel(X,Y,Z) referring to Pareto principle.
Hence, we conclude th&X,Y,Z) OT" completes the proof.
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3-2- Interval DEA models with flexible measures
According to definition of PPS (6) and the résafl Theorem 1, the following DEA models are

proposed for assessing the efficiency intervdDlU . In these models, each DMU determines the
condition of performance measure in favor of its own efficiency level:

min &’
st Y AXx <6, (7.1)
j=1

2AY 2y,
j=1
either

SAz<ez

(7.2)

2A7 =27, (7.3)

A20 j=1...n; @ free.

S.t. Z/] X; S Ox (8.1)

j=1

either

ZAX <6z

or
Z;/‘jytf 27, (8.3)
<

A20 j=1...n 6, free.

The above-mentioned models for solution areeasly linear programs. Therefore, the following
method discusses transformation of the mentionedetadnto a mixed integer linear program. For
instance, we take into account transformation ef&EA model in the upper-bound of the efficiency
interval. Similarly, the DEA model in the lower-bua of the efficiency interval can be transformed
through the same procedure.

It should be noted that one and only one of thesttaimts of either (7.2) or (7.3) should satisfy
performance measure. Assume thatM is a large positive number. Now consider the foiig
constraints:

(8.2)

Zn:Ajszng’zoL+M5, (9.1)
—ZAJz, <-z) +MJ,, (9.2)
51+52 =1, (9-3)
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0,0, 0{0%. (9.4)
Selecting 4, =0 leads t0d, =1, thus the constraint (9.2) is redundant and (%13atisfied. It
implicitly means thatzé is selected as an input measure BiMU . Moreover, if we allowd, =1,

then d, =0, thus the constraint (9.1) is redundant and (8.8atisfied. In this case@!f)J is selected as

an output measure fddMU . The models (7.1)-(8.3) can now be presented aamimixed integer
linear programs as below:
min &’

Z)Ix <&'x

SAY =Y,
j=1
Z/\jz}seg’zgﬂvldl, (10)

—2/12 <-z7 +MJ,,

5461
JJ.’JZD{O;I}l
A 20, j=1...n 6 free.

(o]

min g~

s.t. Z/]x <G-x

Z&WZ%.

ZA z, <6,z +MJ, (11)

—ZAJ.Z‘J.J <-7z- +MJ,,
=

5+8,=1
4,0, {0,
A,20, j=1..,n @ (free.

o]

3-3- Generalization of the proposed models
Assuming that there are three performance measncludingX , Y, and Z, the DEA models of
(10) and (11) were constructed (where the condidoishould be determined in DEA models). Now

assume that there are multiple inpugs (i=1...,m) and multiple outputsy,; (r =1...,s) and
several flexible measureg; (k =1...,t). For generalization of the proposed interval Diaadels,

we allow that each DMU determine every flexible swa, in a way that some flexible measures are
considered as input and some other as output, &oraaintain its best efficiency score. In thiseas
the interval DEA models are proposed as below:
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min &"

0o

st Y Ax <6)%;, i=1..m,
j=1
DAY zyn, r=1..s,
=1
DY Azg <8z, +MJy,, k=1...t, (12)
j=1

> A7 <=7 +MJ,, k=1...t
=1

5, +3, =1 k=1..t,
3,,0,, 0{03, k=1..t
A20, j=1..n & free.

min  6;

st YA <6%, i=1...m,
j=1
DAY zyh, r=1..s,
=
DY Azg <670 + My, k=1...t, (13)
j=1

=Y A7 <=2, + M3y, k=1...t
=1

O, +3, =1 k=1..t,
3,,0,, 0{03, k=1..t
A 20 j=1..n 6, free.

4- Analysis of Farzipoor Saen’s (2011) DEA models
In this section, we analyze Farzipoor Saen’s (2@HBA model which has been proposed as below:

max ¢, =iu,y?’o+220k250
r=1 k=1
S t m t
st YUYy +2) 07 D VX D Kz <0, j=1...n,
r=1 k=1 i=1 k=1

m t

D2 Vi%e + D Vido =1,

i=1 k=1

0<o.<d,, k=1...t, (14)
o<y <o +@Q-d), k=1...t,

d, 0{01}, 0<o,.,) <1, k=1...t

O<su,v<l r=1..s i=1...m
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S t
max qbg ::zzlljr)d; +'222367k2t6
r=1 k=1

t

S t m
st Y Uy, +2> 0,20 Y VX =D Kz <0, j=1..,n
r=1 k=1 i

i=1 k=1

m t

D NiXe + D ViZo =1,

i=1 k=1

0<o,<d, k=1..t, (15)

o<V <o, +1-d), k=1..¢t,

d, 0{01}, 0< o,/ <1 k=1...t,

O<y,v<1 r=1..s i=1...m
In models (14) and (154, (k =1,...,t) is a binary variable. For each flexible measure
z; (k=1...,1), the binary variable has been introducedlpg1{01} , whered, =1 indicates that
flexible measurez, (k=1,...,t) is the output andl, =0 is the input. It should be noted thay, is
the result of change in variable.

The first note to be pointed out here is that thestrainto, , y, <1 (k =1,...,t) in models (14) and
(15) is redundant, because:

ifd,=0=0,=0=0,<1y<]
d, 001} and{ ‘ ‘ <=L
if d =1=0,<land)y, =0,<1
The second note is that the constraE:tln;l\/i o +ZL:1ykaLO =1 in model (14) and the constraint

> X "'ZL:leZLJo =1 in model (15) might be violated in case of smaitaddue to weight

restrictions. To further clarify this issue, coreidhe numerical example presented as follow:
Example 1: Consider ten DMUs with an inputx() and an output ¥). Assume that the flexible

measure is %), input and output of which should be known. Théadchave been shown in table 1.
Table 1. The data set for ten DMUs

DMU Input (X) Output (y) Flexible measureq)
1 [0.031, 0.039] [0.0066, 0.00692] 0.00632
2 [0.0512, 0.0592] [0.00442, 0.004884).00444

3 [0.0414, 0.0419] [0.00854, 0.0097410.00576

4 [0.0741, 0.0981] [0.00661, 0.0074610.00678

5 [0.0671, 0.0701] [0.00432, 0.006215).00358

6 [0.0741, 0.0821] [0.00932, 0.00996] 0.00327
7 [0.0671, 0.0821] [0.00232, 0.006102).00335

8 [0.0914, 0.0983] [0.00325, 0.005605).00228

9 [0.0654, 0.0761] [0.0061, 0.006993] 0.0063
10 [0.048906, 0.06016][0.00535, 0.007654] 0.00375

We first implement the DEA models proposed byzkmor Saen (2011) (DEA models (11) and
(15)) for ten DMUSs, so as to determine the conditb flexible measure. Regarding to table 2, it can
be seen that DEA models proposed by Farzipoor §2@tl) are infeasible for all the DMUs. We
then implement the DEA models proposed in this pag® as to determine the condition of flexible
measure. Regarding to table 2, it is clear thaDt& models proposed in this paper have determined
the condition of flexible measure quite manifestiyurthermore, the efficiency interval obtained by
DEA models (10) and (11) has been shown in tableoR.this numerical exampldyl =1 has been
specified.

141



Table 2. Results

DMU The efficiency interval of DEA models 51 52 51 52
(14) and (15) [gs",¢."])  (10) and A1) [8-",8°) In calculationegJ . In (:alculationt90LD

1 Infeasible [0.7193, 0.9488] 0 1 0 1
2 infeasible [0.3678, 0.4270] 1 0 1 0
3 infeasible [0.8784, 1.0000] 1 0 1 0
4 infeasible [0.3387, 0.4506] 1 0 1 0
5 infeasible [0.2721, 0.3937] 1 0 1 0
6 infeasible [0.4823, 0.5713] 1 0 1 0
7 infeasible [0.2001, 0.3865] 1 0 1 0
8 infeasible [0.1429, 0.2606] 1 0 1 0
9 infeasible [0.4060, 0.4780] 1 0 1 0
10 infeasible [0.3849, 0.6652] 1 0 1 0

Another major flaw in Farzipoor Saen’s (2011) DEAdeIs is to always estimate efficiency either
too higher or too lower. This issue will be illteied through a numerical example in the next sectio

5-An empirical example

Selecting a medium in steel industry, Sepahan mdius&roup Co. (SIG) (Farzipoor Saen, 2011).
A total of twenty media (DMUS) in SIG are evaluataderms of one input and three outputs and a
flexible measure mentioned in the following. Thdéadset has been obtained from Farzipoor Saen’s

(2011) paper shown in table 3. For this numerigaheple, M =10° has been specified.
Input

X : Cost

Outputs

Yy, : Size of Audiences (SA)

Yy, : Accuracy in Targeting of Audiences (ATA)

Y, : Durability of Media (DU)

Flexible measure

Z,: Volume of Supplied information to audiences (VS)
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Table 3.Relevant characteristics for 20 DMUs

Media (DMU) Input Outputs Flexible
measure
Cost (10000 Rials) SA(Yy)) ATA* DU Vs (z;)
(%;) (Yo;) (months)
(¥5)
Brochures [240, 300] [5000, 7000] 3 12 12
Catalogues [525, 750] [1500, 3000] 7 24 18
Directories [1175, 1575] [4500, 5500] 13 24 14
Advertisement in [1375, 2275] [4500, 5500] 18 12 11
books of specialized
fairs
Specialized magazines [2750, 4950] [4500,5500] 17 3 10
Billboards [3000, 9000] [50000, 12 1 8
200000]
Internet [1500, 4000] [9000, 11000] 11 24 17
Multimedia CD [2.5, 3.75] [4000, 6000] 16 24 20
Cheap gifts [562.5, 900] [2000, 2500] 2 1
Expensive gifts [360, 540] [400, 500] 19 36
Overalls [27000, 31500] [20000, 10 12 5
25000]
Specialized fairs [11000, 16500] [5000, 10000] 14 6 16
Seminar for customers [15000, 22500] [50, 100] 20 24 19
Plastic sacks [500, 625] [12000, 1 1 4
13000]
Cloth sacks [440, 550] [5000, 6000] 4 3 3
Almanacs [11000, 16500] [10000, 9 12 15
12000]
Tableaus for sales[6000, 9000] [95000, 15 60 9
agents 110000]
Greeting cards [1225, 1400] [3000, 4000] 6 1 2
On wall almanacs [2200, 2475] [5000, 6000] 8 12 1
Iconic model of plants  [12000, 13500] [450, 550] 5 120 13

*Ranking such that 28 highest rank, ... , £ lowest rank 9213 >V, > y214)'

**Ranking such that 2& highest rank, ... , £ lowest rank QLB >27,,>...> zm).
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Media planning in SIG attempts to choose tret BMU. From the viewpoint of a media planner,
VS might play the alternative role for great untkmging of audiences. Hence, the study reasonably
classifies it as output. However, it can be cormeiden flexible measure as well, since competitors
acquire more information about SIG due to large amhof information presented to audiences. ATA
and VS have been assessed at an ordinal scatmgtdortinstance, they rank the top in terms of ATA

for DMU,; (Seminar for customers) and fBYMU,, (plastic bags) rank the lowest.

In order to convert strong ordinal preference infation into interval data, assume that the prefaren
intensity parameter and the ratio parameter hawen bestimated aty =105 and a = 005,

respectively. By using a conversion technique dlesdrin Wang et al. (2005), interval estimation can
be obtained for ATA and VS of each DMU, as showtaisle 4. Farzipoor Saen (2011) has assumed,
however, the preference intensity parameter abwahg ordinal preference information has been

given as y =112. Obviously, the requirementy,; 2112y, ,, (or Z; 21127 ) for
j=13...19 is met. The requirementy,; > 112y, ,, (or Z; 21127 ,) for j=1...12,
however, is not met. For instancg, s = y,; =32 112x Yy, o = 112x 2(y,) = 224 is met, while

Vos = Yps =162 112x Yy, = 112x15(y,,,) =168 is not met. Therefore, Should be selecied
quite carefully (Azizi, 2014, Azizi, 2013a).

Table 4.Interval estimation for 20 DMUs after conversidroadinal preference information

Media (DMU) ATA VS

Brochures [0.0551, 0.4363][0.0855, 0.6768]
Catalogues [0.0670, 0.5303]0.1146, 0.9070]
Directories [0.0898, 0.7107][0.0943, 0.7462]

Advertisement in books of specialized fairg.1146, 0.9070] [0.0814, 0.6446]

Specialized magazines
Billboards

Internet

Multimedia CD

Cheap qifts

Expensive gifts
Overalls

Specialized fairs
Seminar for customers
Plastic sacks

Cloth sacks

Almanacs

Tableaus for sales agents
Greeting cards

On wall almanacs

Iconic model of plants

[0.1091, 0.863§).0776, 0.6139]
[0.0855, 0.6768][0.0704, 0.5568]
[0.0814, 0.6446][0.1091, 0.8638]
[0.1039, 0.8227][0.1263, 1.0000]
[0.0525, 0.4155][0.0670, 0.5303]
[0.1203, 0.9524]0.0638, 0.5051]
[0.0776, 0.6139][0.0608, 0.4810]
[0.0943, 0.7462]0.1039, 0.8227]

[0.1263, 1.0000D.1203, 0.9524]
[0.0500, 0.3957]0.0579, 0.4581]
[0.0579, 0.4581]0.0551, 0.4363]
[0.0739, 0.5847][0.0990, 0.7835]

[0.0990, 0.7836]0739, 0.5847]

[0.0638, 0.5051]0.0525, 0.4155]
[0.0704, 0.5568]0.0500, 0.3957]
[0.0608, 0.4810]0.0898, 0.7107]

144



By applying interval DEA models (14) and (1®etoptimistic efficiency score of DMUs are
obtained, as shown in table 5. Regarding to table &n be found out that two DMUs, i.e. DMUs
number 6 and 8 based on DEA model (14) are opiomesticient or DEA efficient. The remaining 18
DMUs are regarded as optimistic non-efficient witkver relative efficiency scores. The optimum

level d can be seen in columns three and four of tableis.clear that except fobDMUg, all the

DMUs take VS as input. In addition, we evaluated efficiency interval of DMUs alongside interval
DEA models (1) and (2) by considering the value/8f as input. The results have been reported in
the fifth column of table 5. It is quite obviousathestimation of efficiency interval in Farzipoor
Saen’s (2011) DEA models is not identical to estiamaof efficiency interval in models (1) and (2)
by considering VS as input. In fact, Farzipoor Se€8011) DEA models are often inapplicable in
real situations.

Table 5. The efficiency interval and the condition of flblké measure for 20 DMUs through Farzipoor Saen’s
(2011) models

Media (DMU) Efficiency interval §*in d’in Efficiency interval  of
of models (14) and cgicylation of calculation of Models (1) —and (2)
(15) ¢L[ ¢u 0 considering VS as input
o o]
Brochures [0.0981,0.1585] O 0 [0.0981, 0.5973]
Catalogues [0.1086,0.1305] O 0 [0.1086, 0.4619]
Directories [0.1053,0.1282] O 0 [0.1053, 0.5117]
Advertisement in [0.0570,0.1411] O 0 [0.0570, 0.7542]
books of specialized
fairs
Specialized [0.0175,0.1335] O 0 [0.0175, 0.7538]
magazines
Billboards [0.0812,1.0000] O 0 [0.0812, 1.0000]
Internet [0.0741,0.1740] O 0 [0.0741, 0.4096]
Multimedia CD [0.6667,1.0000] 1 1 [0.6667, 1.0000]
Cheap gifts [0.0239,0.0659] O 0 [0.0239, 0.4197]
Expensive gifts [0.1929,0.1992] O 0 [0.2743, 1@O0
Overalls [0.0336,0.0641] O 0 [0.0336, 0.7273]
Specialized fairs [0.0131,0.0849] O 0 [0.01319274
Seminar for [0.0375,0.0892] O 0 [0.0375, 0.5568]
customers
Plastic sacks [0.1931,0.2839] O 0 [0.1931, 0.5868]
Cloth sacks [0.0889,0.1317] O 0 [0.0889, 0.5721]
Almanacs [0.0272,0.0719] O 0 [0.0272, 0.4105]
Tableaus for sales[0.2313,0.4883] O 0 [0.2340, 1.0000]
agents
Greeting cards [0.0270,0.0824] O 0 [0.0270, 0.6534
On wall almanacs [0.0701,0.0987] O 0 [0.0701, 0316
Iconic model of [0.2384,0.3037] O 0 [0.2619, 1.0000]
plants

At this stage, we obtain the optimistic effiatgrinterval score of DMUs by applying interval DEA
models (12) and (13), as shown in second columtaloie 6. From the perspective of optimistic

efficiency, a DMU, i.e.DMU, based on DEA model (12) is optimistic efficient@EA efficient.

The remaining 19 DMUs are regarded as optimistin-efficient with lower relative efficiency

scores. In addition, the input/output behavior & Mvel can be seen in table 6. It is quite obvious
that our proposed interval DEA models define VSoasput measure. Moreover, the efficiency
interval of DMUs has been reported in the fifthusoh of table 6 by considering the VS level as
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output using interval DEA models (1) and (2). THficency interval obtained from interval DEA
models (1) and (2) is not completely identical hattobtained from interval DEA models (12) and
(13). Hence, the media planner concludes that hidifeeVS the better.

Table 6. The efficiency interval and the condition of flbdé measure for 20 DMUs through proposed DEA
models

Media (DMU) Efficiency interval d,in d,in Efficiency interval  of

of models (12) and calculation of calculation of models 1) and @)

(13) ¢L[ ¢u 0 considering VS as output
(o] (o]

Brochures [0.0069, 0.0122] 1 1 [0.0069, 0.0122]
Catalogues [0.0033,0.0048] 1 1 [0.0033, 0.0048]
Directories [0.0016, 0.0021] 1 1 [0.0016, 0.0021]
Advertisement in [0.0008, 0.0020] 1 1 [0.0008, 0.0020]
books of specialized
fairs
Specialized [0.0004, 0.0010] 1 1 [0.0004, 0.0010]
magazines
Billboards [0.0023,0.0278] 1 1 [0.0023, 0.0278]
Internet [0.0009, 0.0031] 1 1 [0.0009, 0.0031]
Multimedia CD [0.6667,1.0000] 1 1 [0.6667, 1.0000]
Cheap gifts [0.0009, 0.0024] 1 1 [0.0009, 0.0024]
Expensive gifts [0.0069, 0.0104] 1 1 [0.0069, 04110
Overalls [0.0003,0.0004] 1 1 [0.0003, 0.0004]
Specialized fairs [0.0001, 0.0004] 1 1 [0.0001004)
Seminar for [0.0001, 0.0002] 1 1 [0.0001, 0.0002]
customers
Plastic sacks [0.0080, 0.0108] 1 1 [0.0080, 0.0108]
Cloth sacks [0.0038,0.0057] 1 1 [0.0038, 0.0057]
Almanacs [0.0003,0.0005] 1 1 [0.0003, 0.0005]
Tableaus for sales[0.0044, 0.0076] 1 1 [0.0044, 0.0076]
agents
Greeting cards [0.0009, 0.0014] 1 1 [0.0009, 0.0014
On wall almanacs [0.0008, 0.0011] 1 1 [0.0008, 0190
Iconic model of [0.0009, 0.0010] 1 1 [0.0009, 0.0010]
plants

6- Conclusions

One assumption of traditional DEA models is that performance measure is specified as an input
or output. In the measurement of the real worldquerance, there are performance measures that are
flexible. Moreover, the DEA is sometimes faced withe situation of imprecise data due to
uncertainty. In this paper, we developed interv@ADmodels for calculating the efficiency intervdl o
DMUs with flexible measures and interval data. Timeposed interval DEA models were studied
based on axioms. In these models, each DMU detestire flexible measure situation in favor of its
efficiency level. The proposed DEA approach and db&ined interval DEA models were finally
tested with two numerical examples including amapa about media selection.

Compared with the DEA models of Farzipoor S&# 1), the proposed interval DEA models are
more easily solved and implemented for each sdatlata. However, the DEA models of Farzipoor
Saen (2011) are not feasible for small data andynmher actual data. Moreover, the proposed
interval DEA models give a correct efficiency intarfor each DMU. Most importantly, the proposed
interval DEA models correctly identify the situatiof flexible measures. Therefore, the evaluation
result is more comprehensive and suitable thaii® models of Farzipoor Saen (2011). It is hoped
that this study can add the richness of DEA theory present alternative methods for performance
measurement and input/output classification inkerval DEA.
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