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Abstract

Data Envelopment Analysis (DEA) is a linear programming technique for measur-
ing the relative efficiency of Decision Making Units (DMUs). DEA was initiated by
Charnes, Cooper and Rhodes in 1978 and from then on many researches have worked on
some extensions of the basic DEA concepts. Some of recent developments are designed
only for a single decision maker (DM) to input his own preferences. However, real life
decision situations commonly involve a group of decision makers who would have con-
flicting preferences. Hence, these recent developments should further be extended to
make them applicable to group decision making. This paper proposes a methodology
that incorporates the DMs’ different preferences in order to determine a compromise
solution in the efficiency analysis of the DMUs.

1 Introduction

There is always concern for measuring and comparing efficiency of organizational units called
Decision Making Units (DMUs). Data Envelopment Analysis (DEA) is a technique based
on linear programming for measuring the relative performance of the DMUs with multiple
inputs and outputs. With the use of DEA, the efficient DMUs as well as the inefficient ones
can be identified. The management or Decision Maker (DM) of the DMUs can therefore
have a guidepost for planning in the subsequent decision process.

DEA, occasionally called frontier analysis was first put forward by Charnes, Cooper and
Rhodes in 1978 and, from then on, more than 1800 papers in DEA in the literature have
been published. DEA has been applied in many situations such as health care, education,
banks, manufacturing, benchmarking, management evaluation, fast food restaurants, retail
stores, etc.

Early DEA studies have assumed that there is just a single DM evaluating the efficiency
of all the DMUs and that his personal preferences do not influence the outcome of the study.
Recently, there are some DEA models such as Ciubal’s [1] Revised Charnes, Cooper and
Rhodes Model Using Multiple Reduction (MRCCR) and Revised Centralized Technical Effi-
ciency Data Envelopment Algorithm Using Multiple Reduction (MRCTELP) which require
a DM to indicate his preferences.

In real life, decision situations commonly involve a number of DMs who more often than
not have different and conflicting preferences. A need arises where the above cited models
have to be extended to make them applicable to group decision making. The main problem
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here is to develop an appropriate mathematical programming model that will incorporate
the different preferences of a group of DMs in order to determine a compromise solution in
the performance evaluation of the DMUs.

This paper proposes to extend Ciubal’s MRCCR and MRCTELP to address the conflict
of judgement among a group of DMs. Models and solution approaches will be developed
that will allow the use of interactive group decision making using Tapia and Murtagh’s
Fuzzy Programming with Preference Criteria Technique [4]. Some concepts borrowed from
Multiple Objective Mathematical Programming (MOMP) will also be used.

2 Ciubal’s MRCCR and MRCTELP Models

One of the limitations of DEA is that it is just good at estimating “relative” efficiency of
a DMU but converges very slowly to “absolute” efficiency. It can tell how a DMU is doing
compared to its peer DMUs but not compared to a “theoretical maximum”. DEA method-
ologies identify an efficiency frontier which may be composed of one (global) or several (local)
efficiency facets. An efficiency facet directly influences the efficiency rating of a DMU and
so if there is more than one efficiency facet, then the DMUs can not be globally compared.
To address this problem, Tapia [2] proposed an algorithm for constructing a single faceted
efficiency frontier to allow global comparability. This is called the Centralized Technical
Efficiency Data Envelopmental Algorithm (CTDEA). Tapia called his model CTELP.

The CTELP model reduces the input levels of inefficient DMUs by a proportional amount.
Ciubal considered the need for a disproportionate reduction. For practical reasons, inputs
need not to be decreased by a proportionate amount. An input attribute may be decreased
or may be maintained at its current level depending on the state of affairs of the DMUs.
Therefore, every DMU must be evaluated with reference to separate input attributes. In-
dividual input attribute evaluation can lead to the identification of the efficiency level of
the corresponding input attribute for every DMU. This requires a multistage optimization
solution approach rather than the single-stage solution approach that is currently being used
in DEA methodologies. In Ciubal’s method, a DMU k is evaluated with respect to an input
attribute i. This method is called “attribute minimization” since the emphasis is given on
an (input) attribute. The following are Ciubal’s models.

For the Multiple Reduction of the CCR model : MRCCR

Min θkii

such that
θki

i X
k
i ≥ Xiλ

ki

θki
r X

k
r = Xrλ

kr (∀r 6= i)
Y λki ≥ Y k

λki ≥ 0
0 ≤ θki

r ≤ 1 (∀r 6= i)
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For the Multiple Reduction of the CTELP model : MRCTELP

Min θkii

such that
θki

i X
k
i ≥ aXi(k)λki

θki
r X

k
r = aXr(k)λkr (∀r 6= i)

aY (k)λki ≥ Y k

λki ≥ 0
0 ≤ θki

r ≤ 1 (∀r 6= i)

where θ and λ are not just going to be functions of k but also of particular input attribute
i; thus

λ = λki = (λki
1 λki

2 .....λki
K)t = (λ1 λ2 .....λK)t

λ∗ = (λ∗1 λ
∗
2 .....λ

∗
K)t are the optimal values of lambda.

θki
r is the reduction factor for the r-th input of DMU k while the analysis is

on the i-th input attribute.
θki = (θki

1 θki
2 .....θki

I ) is a (1 x I) vector of reduction factors for the input values
of DMU k derived from the analysis of the ith input.

θki∗ = (θki∗
1 θki∗

2 .....θki∗
I ) is a vector of reduction factors for the input values

of DMU k derived from the optimal analysis of the i-th input.
Xk

i is the i-th input level of DMU k.
Xi is the i-th row of the input matrix X.
Y k is an (Mx1) vector of output levels of DMU k.
Y = [Y 1 Y 2 ... Y K ] is an (MxK) matrix of output values for all DMUs.
aXi(k) is the ith row of the augmented surrogate input matrix of DMU k.
aY (k) is the augmented surrogate output matrix of DMU k.

The preceding models are used for evaluation of each DMU k with respect to the input
attribute i. There will be a number of K × I optimizations corresponding to the K DMUs
with I inputs each instead of the usual K optimizations. After the K × I optimizations,
model prescribed inputs (MPIs) and model prescribed outputs (MPOs) will be determined.
These are computed as MPIs = Xiλ

ki∗ and MPOs = Y λki∗ for (MRCCR), MPIs = aXiλ
ki∗

and MPOs = aY λki∗ for (MRCTELP). But as a result of the multiple reduction analysis,
the MPIs and MPOs are generally not the same for all attributewise minimizations for the
same DMU k. Thus, each attributewise minimization can be seen as multiple and often
conflicting objectives for each DMU. This means that in optimizing the data level of certain
input attributes, the optimization of the others may be sacrificed by varying degrees.

It will be helpful to gather all the MPIs and MPOs into some matrices for purposes
of providing decision support information for the DM. Such matrices are called input and
output decision support matrices corresponding to a DMU k and will be denoted in this
paper as dX(k) and dY (k) respectively. These decision support matrices can be written as:

dX (k) =


dX(k1)t

dX(k2)t

...
dX(kI)t
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where each dX (ki)t =
(
X1λ

ki∗ X2λ
ki∗ . . . XIλ

ki∗ ); and

dY (k) =


dY (k1)t

dY (k2)t

...
dY (kI)t


where dY (ki)t =

(
Y1λ

ki∗ Y2λ
ki∗ . . . YIλ

ki∗ ), and Yj is j-th row of the matrix Y .

The matrix of optimal theta values for a DMU k, denoted by θ(k) is given by

θ(k) =


θk1

θk2

...
θkI


where each θki =

(
θki
1 θki

2 . . . θki
r

)
.

The i-th-row, dX(ki)t, of dX(k) and the corresponding i-th row, dY (ki)t, of dY (k)
for the k-th DMU, contain the solutions obtained from the attributewise minimization for
DMU k with respect to the input attribute i. Therefore, for a DMU k there would be
I solutions all of which are proven to be data efficient. These are some rational values
for the succeeding decision period where the DM would want all possible improvements in
the efficiency performance of the DMUs. But because of some realities prevailing in the
decision environment, such target values provided by the decision support matrices can’t
be implemented. In this case, a DM is asked to express some desired degrees of reduction
other than those incorporated in the decision matrices values.

The aspiration of the DM to achieve or implement the minimization for a particular i-th
input attribute can be quantified and considered as a preference criterion, denoted by pi.
The p′is for all input attribute i ( i = 1, 2, . . . , I) can be combined into a vector called the
vector of preference criteria P = (p1, p2, .....pi), pi can be expressed as a value from 0 to
1 inclusive. The sum of these preference criteria need not be equal to 1 but they can be
normalized by dividing each preference criterion by their sum or equivalently multiplying

by the normalizing factor given by nf =
1

Σi
n=1pi

.

After identifying the vector of preference criteria, reference objectives (RO) are then
computed. RO are target values which incorporate the preference criteria of the DM for the
inputs and outputs of DMU k for the next decision process. These are given by the input

values : rX
k = nf · P ·d X(k), for the output values : rY

k =
1
I

[1, 1, ....1]dY (k).

The DM examines if the RO are implementable or not. If the RO turn out to be not
implementable then another set of preference criteria is provided by the DM. This is repeated
until the RO become acceptable to the DM.

To help the DM in determining if whether the RO are acceptable or not, Ciubal proposed
to evaluate the efficiency of the associated DMU with the input and output levels specified
by the computed values of the given RO. The DM can opt to use proportional reduction
or attributewise reduction. If the RO turn out to be data efficient it is more likely to be
acceptable to the DM. If however the RO turn to be inefficient, he proposed to provide the
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DM with a ranking scheme based on the efficiency ratings obtained in the course of the
RO-generation procedure.

3 Extension of Ciubal’s Models to Allow Group Deci-
sion Making

In today’s corporate decision making situation, group decision making is a common feature.
A scenario should be considered where there is more than one DM, each of whom has his
own set of preference criteria. If there are a number, say T, of different DMs, there will
be T vectors of preference criteria to be considered. Correspondingly, there will also be
T different RO that will result for each of the K DMUs. The problem is to find a single
solution while taking into consideration the T DMs’ different preference criteria.

This paper proposes a model that will generate a single efficiency rating, θk
i , of DMU

k with respect to an input attribute i, a single MPI and MPO which can represent the
best compromise solution. In the proposed solution approach, instead of considering I
preference criteria, we now consider I × T preference criteria, denoted by pt

i, i = 1, 2....I, t =
1, 2, . . . , T . We will also require the T DMs to input underachievement tolerance values,
εti, i = 1, 2...I, t = 1, 2, . . . , T , which the DMs are willing to accept for each attributewise
minimization.

The proposed model will also use the concept of fuzzy programming. The selection
criteria C(i), i = 1, 2, . . . , I, t = 1, 2, . . . , T for each t-th DM which can be useful for choosing
the best compromise solution is given by 0 ≤ pt

i − εti ≤ Pi ≤ 1, where Pi is the i-th
attributewise minimization’s percentage of achievement for any DMU k. It is defined as

Pi = 1− [θk
i − θk∗

i ]
[θk+

i − θk∗
i ]

, where θk∗
i = min

1≤a≤I
θka

i , θk+
i = max

1≤a≤I
θka

i ,

and signifies the degree of closeness of reduction factor of the i-th input θk
i , to the true

minimum θk∗
i over the range of values between θk+

i and θk∗
i .

The best compromise solution should meet the requirement that the above I selection cri-
teria be satisfied simultaneously for all the T DMs. These selection criteria can be regarded
as expressions of each of the T DMs’ aspiration levels for the attributewise minimizations.
This signifies that in searching for the best compromise solution, an attempt is made such
that each attributewise minimization should attain a percentage of achievement, Pi, that is
better or at least equal to the t-th DM’s aspiration level expressed in terms of the preference
criterion, pt

i, and the underachievement tolerance value, εti. Thus, from the above selection
criteria, we can define the membership function of a solution as

(Pi − pt
i + εti)

(1− pt
i + εti)

.

Each solution can be considered to be a member of a fuzzy set whose degree of mem-
bership can be calculated as value of the said membership function which can have values
between 0 and 1 inclusive. A solution with membership value near zero is taken to mean
a weakly desirable solution, while a near to one membership value can mean a strongly
desirable solution. The proposed models intend to find a compromise solution with a high
membership value for this would be the most satisfying solution.
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The fuzzy model for a particular DMU k has the form :

Extension of MRCCR (FPMRCCR)

Max z
subject to for i = 1, . . . , I, t = 1, . . . , T

1)
(Pi − pt

i + εti)
(1− pt

i + εti)
≥ z

2) 0 ≤ pt
i − εti ≤ Pi ≤ 1

3) Pi = 1− [θk
i − θk∗

i ]
[θk+

i − θk∗
i ]

4) θk
i X

k
i ≥ Xiλ

ki

5) Yλk ≥ Yk

6) 0 ≤ θk
i ≤ 1

where

θk∗
i = min

1≤a≤I
θka

i

θk+
i = max

1≤a≤I
θka

i

θka
i is the reduction factor for the ith input while the analysis is on

a-th input of the MRCCR.
pt

i is the preference criteria of the t = 1, 2, . . . , T DMs
for the i = 1, 2, . . . , I-th attributewise minimization.
(DM t’s desire to include the influence of the ith attributewise minimization)

εti is the underachievement values accepted by the t = 1, 2, . . . , T DMs
for the i = 1, 2, . . . , I-th attributewise minimization.

Pi is the percentage achievement of the ith attributewise minimization.
Xi is the ith row of the input matrix.
Xk

i is ith input data level of DMU k
Y k is an (Mx1) vector of output levels of DMU k.
Y = [Y 1 Y 2 ... Y K ] is an (M ×K) matrix of output values for all DMUs.

The extension of the MRCTELP (FPMRCTELP) is the same as the previous model except
that constraints 4 and 5 should be changed to

4.1) θk
i X

k
i ≥ aXi(k)λki

5.1) aY (k)λk ≥ Y k

and

θka
i is the reduction factor for the i-th input while the analysis is on
a-th input of the MRCTELP

aXi(k) is the ith row of the augmented surrogate input matrix
aY (k) is the augmented surrogate output matrix of DMU k.

The compromise solution will give θk
i , the efficiency rating of DMU k with respect to

its i-th input, and λk = (λk
1 , λ

k
2 , . . . λ

k
K) whose non zero components identify a set of data

efficient DMUs with respect to the attribute i for which DMU k is being evaluated. Thus,
a single MPI and MPO for a certain DMU will result. The single MPI for the MRCCR and
MRCTELP models are given by Xiλ

k∗ and aXi(k)λk∗ respectively, and the single MPO are
Y λk∗ and aXi(k)λk∗ , respectively for the MRCCR and MRCTELP models.
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In cases where the solution is unsatisfactory (e.g the value of z is very close to zero),
or infeasible or in the event that the resulting feasible solution is not acceptable to the
DMs, the proposed models can be used interactively and iteratively as needed in such a
way that the values of the input parameters, including the DMs’ preference criteria and the
underachievement tolerance values, can be modified willfully by the DMs according to their
individual preference structures. Infeasibility is also expected to occur should the T DMs
have highly conflicting aspiration levels. This situation arises when one of the DMs holds a
very high aspiration for one particular attributewise minimization while the rest of DMs, on
the contrary, hold a very low aspiration level for it. It is then possible to reduce the number
of constraints of type (1) and (2) in FPMRCCR/ FPMRCTELP from T × I to I by simply
utilizing the most stringent constraint falling under each type. The revised fuzzy programs
for DMU k will then have the following formulation

(FPMRCCR1/FPMRCTELP1)

Max z
s.t. constraints 3, 4, 5, 6, if FPMRCCR1
s.t. constraints 3, 4.1, 5.1, 6 if FPMRCTELP1 for i = 1, 2, . . . , I

1.1)
(Pi − ρi(1))
(100− ρi(1))

≥ z

2.2) 0 ≤ ρi(1) ≤ Pi ≤ 1
where
ρi(1) = max

1≤t≤T
(pt

i − εki )

Constraints (1.1) and (2.2) are the most stringent among those of types (1) and (2)
respectively. If they are satisfied then the less stringent ones are automatically satisfied as
well.

If FPMRCCR1/FPMRCTELP1 has a feasible solution , then this must be the best com-
promise solution as it satisfies all the DMs’ aspiration levels. However, FPMRCCR1/ FPM-
RCTELP1 has constraints which require the most rigorous degree of satisfaction. Infeasi-
bility, therefore, is likely to occur. If FPMRCCR1/FPMRCTELP1 does not provide a feasible
solution, then the DMs should make a compromise by way of ignoring some constraints,
that require a certain amount of rigor to satisfy. In this case it is necessary to solve FPMR-
CCR2/FPMRCTELP2.

For FPMRCCR2/FPMRCTELP2

ρi(2) = min
1≤t≤T

(pt
i − εti),

which means that FPMRCCR2/FPMRCTELP2 is the least rigorous model to solve for the
given decision problem. In case FPMRCCR2/FPMRCTELP2 does not give a feasible solution,
then a compromise solution acceptable to the DMs is impossible achieve. The DMs are
required to input another set of parameters, pt

i and εti, associated with aspiration levels of
a low priority ranking.

In case the least rigorous model FPMRCCR2/FPMRCTELP2 has a feasible solution, then
it should be possible to determine some revised models FPMRCCRn/FPMRCTELPn, n =
3, 4, . . . , N having the following formulation.
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Max z
s.t. constraints 3, 4, 5, 6 if FPMRCCRn
s.t. constraints 3, 4.1, 5.1, 6 if FPMRCTELPn, i = 1,2,...I

1.n)
(Pi − ρi(n))
(100− ρi(n))

≥ z

2.n) 0 ≤ ρi(n) ≤ Pi ≤ 1

where ρi(n), for n = 3, 4, . . . , N (where N is a predetermined number of iterations) can be
determined by using a binary search technique applied to the set of T expressed preference
criteria and under achievement tolerance values.

Constraints (1.n) and (2.n) can be characterized as having an intermediate degree of
rigor to satisfy between the more rigorous requirements which have most recently led to
an infeasible solution and the less rigorous requirements which have most recently led to a
feasible solution. To accomplish this, a binary search technique proves to be useful in de-
termining the next value of ρi(n) needed in the revised models FPMRCCRn/FPMRCTELPn,
as follows. For n = 3, 4, . . . , N,

ρi(n) =
1
2

(INFi + FESi)

where INFi is the most recent value of ρi(ninf ) for which FPMRCCRninf / FPMRCTELPninf

has an infeasible solution, and FESi is the most recent value of ρi(nfes) for which a feasible
solution exists for FPMRCCRnfes/ FPMRCTELPnfes.

The iterative solution procedure for FPMRCCRn/FPMRCTELPn may be terminated un-
der any one of the following circumstances:

a) The prescribed maximum number, say N , of iterations has been reached, in which
case, the most recent feasible solution may be accepted to all the DMs as their best
compromise solution , or

b) The DMs have all accepted the feasible solution to the current n-th stage revised
model FPMRCCRn / FPMRCTELPn, where n < N , or

c) The binary search has reached an iteration stage at which a prescribed degree of
convergence, say d, is already satisfied. This means that for a given iteration stage n,
the following condition holds:

max
1≤i≤I

| ρi(n)− ρi(n− 1) |≤ d

where d has a small positive value such as 0.1 or 0.01. In this case, the most recent
feasible solution may be acceptable to all the DMs as their best compromise solution.

4 Illustration of MRCCR and MRCTELP with Group De-
cision Making

Hypothetical Example

The following example consists of 6 DMUs with 3 input attributes and 2 outputs.
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Input 1 Input 2 Input 3 Output 1 Output 2

DMU 1 .75 5.0 2.0 2.0 1.0

DMU 2 1.0 3.0 5.0 1.0 2.0

DMU 3 2.0 2.0 7.0 3.0 5.0

DMU 4 5.0 1.0 6.0 5.0 3.0

DMU 5 4.25 1.75 4.5 5.0 5.0

DMU 6 5.5 6.5 8.5 1.0 2.0

We first use the MRCCR. Let us call the first, second and third attributewise minimiza-
tion MRCCR1, MRCCR2 and MRCCR3 respectively. These are the following results

θk
1 θk

2 θk
3

DMU 1 MRCCR1 1.00 1.00 1.00

MRCCR2 1.00 1.00 1.00

MRCCR3 1.00 1.00 1.00

DMU 2 MRCCR1 .80 .27 .56

MRCCR2 1.00 .26 .52

MRCCR3 1.00 .26 .52

DMU 3 MRCCR1 1.00 1.00 1.00

MRCCR2 1.00 1.00 1.00

MRCCR3 1.00 1.00 1.00

DMU 4 MRCCR1 1.00 1.00 1.00

MRCCR2 1.00 1.00 1.00

MRCCR3 1.00 1.00 1.00

DMU 5 MRCCR1 1.00 1.00 1.00

MRCCR2 1.00 1.00 1.00

MRCCR3 1.00 1.00 1.00

DMU 6 MRCCR1 .15 .12 .33

MRCCR2 .61 .10 .47

MRCCR3 .31 .11 .21

where θk
i is the efficiency rating of DMU k with respect to the i-th input /reduction factor

of the i-th input.

DMUs 1,3, 4 and 5 have the same results for all attributewise minimizations and are
all data efficient. These will be considered as the solution. DMUs 2 and 6 have different
ratings from each attributewise minimization. We try to incorporate these to a single rating
by asking the decision makers (say three of them) to input their preference criteria and
tolerance values for each attributewise minimization.

Let us assume in the following table, the input parameters of the different DMs are
shown, hypothetically:

Decision Attributewise Preference Under achievement
Maker Minimization Criteria Tolerance Values

1 1 .70 .10

2 .70 .05

3 .70 .10

2 1 .70 .05

2 .70 .10

3 .70 .10

3 1 .71 .12

2 .73 .13

3 .74 .11
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The following tables summarize the results of iterative computations of the FPMRCCRn

DMU 2

n i pi(n) θi D(i) E(i) Z PA(i) Remark

1 1 .65 Infeasible

2 .65

3 .63

2 1 .59 Infeasible

2 .60

3 .60

DMU 6

n i pi(n) θi D(i) E(i) Z PA(i) Remark

1 1 .65 .29 1.61 1.92 .08 .68 Feasible

2 .65 .11 .71 2.00 .68

3 .63 .22 1.90 .96

where n = iteration stage

I = input attribute

ρi(n) = max
1≤t≤T

(pt
i − εti) if n = 1

min
1≤t≤T

(pt
i − εti) if n = 2

1
2

(FESi + INFi) if n ≥ 3

θi = efficiency rating with respect to input attribute i

D(i) = Model prescribed input level for input i

E(i) = Model prescribed output level for output i

Z = objective value

PA(i) = percentage of achievement of θi.

For DMU 2 a compromised solution will not be derived from the set of input parameters.
In this case, the DMs will then be asked to input another set of preference structures. For
DMU 6, an acceptable compromise solution will be achieved with just the first iteration.

Next, we use the same set of data, but this time we use MRCTELP. We call the first,
second and third attributewise minimization MRCTELP1, MRCTELP2 and MRCTELP3 re-
spectively. The results are as follows:
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θk
1 θk

2 θk
3

DMU 1 MRCTELP1 1.00 1.00 1.00

MRCTELP2 1.00 1.00 1.00

MRCTELP3 1.00 1.00 1.00

DMU 2 MRCTELP1 .49 .49 .49

MRCTELP2 1.00 .26 .52

MRCTELP3 .72 .28 .22

DMU 3 MRCTELP1 1.00 1.00 1.00

MRCTELP2 1.00 1.00 1.00

MRCTELP3 1.00 1.00 1.00

DMU 4 MRCTELP1 .87 1.00 .93

MRCTELP2 .88 .88 .88

MRCTELP3 .87 1.00 .86

DMU 5 MRCTELP1 1.00 1.00 1.00

MRCTELP2 1.00 1.00 1.00

MRCTELP3 1.00 1.00 1.00

DMU 6 MRCTELP1 .09 .22 .29

MMRCTELP2 .53 .09 .41

MRCTELP3 .13 .13 .13

DMUs 1, 3 and 5 are all data efficient with respect to all input attributes for all of the
attributewise minimizations. While DMUs 2, 4, and 6 have different efficiency ratings from
each attributewise minimization. We can again reduce these to a single efficiency measure
by using the same input parameters. The following tables summarize the results of iterative
computations of the FPMRCTELPn.

DMU 2

n i pi(n) θi D(i) E(i) Z PA(i) Remark

1 1 .65 .66 .66 1.00 .024 .66 Feasible

2 .65 .34 1.01 2.00 .66

3 .63 .33 1.45 .64

DMU 4

n i pi(n) θi D(i) E(i) Z PA(i) Remark

1 1 .65 Infeasible

2 .65

3 .63

2 1 .59 Infeasible

2 .60

3 .60

DMU 6

n i pi(n) θi D(i) E(i) Z PA(i) Remark

1 1 .65 .19 1.06 1.37 .32 .76 Feasible

2 .65 .12 .79 2.00 .76

3 .63 .20 1.71 .75

For DMUs 2 and 6, a compromise solution can be achieved with just one iteration. For
DMU 4, a compromise solution will not be achieved with the set of input parameters. The
DMs will then be asked to a new set of input parameters for DMU 4.
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5 Conclusion

This paper considers decision situations where the presence of a group of decision makers
is inevitable. DEA models like Ciubals’ MRCCR and MRCTELP where a DM is required
to input his preferences are extended to make them applicable to group decision making.
The proposed solution approach makes use of fuzzy programming with DMs’ inputs namely:
preference criteria and underachievement tolerance values which are concepts borrowed from
MOMP. It also makes use of binary search algorithm. For illustration purposes, the proposed
solution approaches are applied to a hypothetical data. This study wishes to emphasize
that the DMs involved in the decision situation should exercise rationality and should have
a compromising attitude in order to arrive at an acceptable solution.
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