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Abstract: Multiple attribute decision making (MADM) addresses the problem of choosing an optimum
choice containing the highest degree of satisfaction from a set of alternatives which are characterized
in terms of their attributes. In order to make a decision or choose a best alternative, a decision maker
(DM) is often asked to provide his/her preferences either on alternatives or on the relative weights
of attributes or on both of them. In this paper some basic principles from data envelopment analysis
(DEA) is used in order to extract the necessary information for solving an MADM problem. The
traditional DEA model does not include a decision maker's (DM) preference structure. An interesting
method to incorporate preference information, without necessary prior judgment, is the use of an
interactive decision making technique that encompasses both DEA and multi-objective linear
programming (MOLP). To illustrate the model capability, the proposed methodology is applied to a
data set consisting of the 20 Bank branches.

Key words: Data Envelopment Analysis (DEA); Multiple Attribute Decision Making; Interactive
multiobjective programming.

INTRODUCTION

Multiple attribute decision making (MADM) with preference information on alternatives is an interesting
research topic having received a great deal of attention from researchers (Kruskal, 1964a, 1964b; Srinivasan
and Shocker, 1973; Hwang and Yoon, 1981; Malakooti and Zhou, 1994; Xu, 2004a). Up to now, many
methods have been proposed for dealing with the MADM problems with numerical preference information on
alternatives, such as the multidimensional scaling method with ideal point (Kruskal, 1964a, 1964b), linear
programming techniques for multidimensional analysis of preference (Srinivasan and Shocker, 1973), interactive
simple additive weighting method (Hwang and Yoon, 1981), artificial neural network method (Malakooti and
Zhou, 1994), nonlinear programming method based on fuzzy preference relation (Fan et al., 2002), interval
numbers based optimization approach (Xu, 2004a). In some situations, however, the decision information takes
the form of uncertain linguistic variables rather than numerical ones because of time pressure, lack of
knowledge, and the decision maker (DM)’s limited attention and information processing capabilities (Xu,
2004b). 

The availability of a wide selection of methods for solving MADM problems generates the paradox that
the selection of an MADM method for a given problem leads to an MADM problem itself (Triantaphyllou,
2000). A phenomenon known as the inconsistent ranking problem can be caused by different MADM methods
(Yeh, 2003). This implies that the choice of a specific method in general influences the ranking outcome. Well
known MADM methods comprise the total sum (TS), the simple additive weighting (SAW) method also known
as weighted sum model (WSM), the weighted product model (WPM), the outranking approaches ELECTRE
(Benayoun et al., 1966) and PROMETHEE (Brans and Vincke, 1985), and the TOPSIS method (Hwang   and
Yoon, 1981). Research in MADM has suggested the use of simple and understandable approaches in order to
solve practical MADM based decision problems (Dyer et al., 1992; Kaliszewski, 2004). The complexity of
most methods as perceived by real decision makers prevents their application in practice. Most accepted are
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the TS and SAW methods due to their simplicity. As will be seen, the proposed DEA based decision
approaches are closely related with these popular MADM method variants.

The traditional data envelopment analysis (DEA) model does not include a decision maker's (DM)
preference structure while measuring relative efficiency, with no or minimal input from the DM. To incorporate
DM's preference information in DEA, various techniques have been proposed. Among the previous models,
the most common approach of taking into account the DM preference information is through the use of multi-
objective programming. The solution of a multi-objective optimization problem is dependent upon the decision
maker's preferences, which could be represented by a utility function that aggregates all objective functions
into a scalar criterion. In most decision situations, a global utility function is not known explicitly and only
local information about the utility function could be elicited. This leads to interactive procedures facilitating
tradeoff analysis. One of the earliest attempts to integrate multi-objective procedures and DEA techniques was
made by Golany (1988), who suggests an interactive multi-objective linear programming (MOLP) procedure
for estimating a target set of output levels given the available input levels of a DMU. Stewart (1996) contrasts
the concept of relative efficiency in DEA with that of Pareto optimality in MOLP and discusses some issues
in applying interactive MOLP techniques to solve the weight restriction problem in DEA. Thanassoulis and
Dyson (1992) proposed a weights-based general preference structure model in which the DM selects a subset
of inputs and outputs whose targets should be preferentially improved and specifies weights that reflect the
relative importance of such improvements. Post and Spronk (1999) combined the use of DEA and interactive
multiple goal programming where preference information are incorporated interactively with the DM by
adjusting the upper and lower feasible boundaries of the input and output levels. Joro et al. (1998) compared
DEA models with a reference point MOLP approach and presented a lexicographic extension of the reference
point model that can exhaust all input and output slacks. Changing the input and output weight vectors all
efficient operation points can be obtained. Korhonen et al. (2003) extended this approach presenting a
parameterized general DEA model, which corresponds to a reference direction approach. Korhonen and
Syrjänen (2004) presented an MOLP-DEA approach but in a centralized resource allocation context. Li and
Reeves (1999) proposed a multiple criteria data envelopment analysis model which can be used to improve
discriminating power of classical DEA method and also effectively yield more reasonable input and output
weights without a priori information about the weights. The proposed model involved broader definitions of
relative efficiency than the classical one introduced by Charnes et al. (1978). More specifically, in that model,
several different efficiency measures defined under the same constraints. Then, efficiencies evaluated under the
framework of MOLP. Estellita Lins et al. (2004) proposed a multi-objective ratio optimization (MORO) to
generate efficient operation points from which the DM may a posteriori choose the one of her preference and,
also, an interactive method for multi-objective target optimization. Bogetoft and Nielsen (2005) proposed
interactive benchmarking using a directional distance function approach where the direction vector components
can be directly given as relative weights of inputs and outputs or, by subtraction, as aspiration, goal or
reference target levels. Yang et al. (2009) investigated equivalence models and interactive tradeoff analysis
procedures in MOLP, such that DEA-oriented performance assessment and target setting can be integrated in
a way that the decision makers' preferences can be taken into account in an interactive fashion. In fact they
investigated three equivalence models between the output-oriented dual DEA model and the minimax reference
point formulations, namely the super-ideal point model, the ideal point model and the shortest distance model.
Lozano and Villa (2009) proposed two different multi-objective DEA target setting. The first one was an
interactive approach in which at each iteration, the DM projects the current operation point, improving some
selected inputs and outputs, maintaining others and allowing others to worsen, all in a controlled manner. The
relative weights of the inputs and outputs to improve or that can worsen at each iteration computed from a
simple AHP hierarchy. The second method proposed uses a lexicographic multi-objective approach in which
the DM specifies a priori a set of priority levels and, using AHP, the relative importance given to the
improvements of the inputs and outputs at each priority level. Hosseinzadeh Lotfi et al. (2010) have established
an equivalence model between DEA and MOLP and have showed how a DEA problem can be solved
interactively by transforming it into MOLP formulation. They applied interactive techniques in MOLP to solve
DEA problems and further their approach located the most preferred solution (MPS) along the efficient frontier
for each inefficient DMU. Their approach was applied for each unit individually.

In this paper, a Multiple Objective Linear Programming (MOLP) problem is proposed and then  Zionts
and Wallenius (1976) approach is used to reflect the DM's preferences in the process of finding the best
alternative and assessing efficiency in the output-oriented BCC model. This approach is able to find the most
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efficient alternative interactively by DM without solving the model n times (one linear programming (LP) for
each DMU) and therefore allows the user to get faster results.  Briefly based on DEA and interactive MOLP
concepts, this paper investigates how the set of attribute weights and the best alternative for multiple attribute
decision making (MADM) problems are determined according to DM's preferences into the analysis.  

In order to do so, the remainder of this paper is structured as follows. In Section 2 we introduce some
basic concepts such as MADM, DEA, MOLP and Zionts and Wallenius (1976) approach. In Section 3 we
discuss the idea for solving one MADM problem interactively and in the end we bring one empirical
illustration for discussed method in section 4. Finally, section 5 gives concluding remarks.

2. Conceptual Background and Application Domain:
2.1. Multiple Criteria/attribute Decision Making:

Multiple criteria decision making (MCDM) has been one of the fastest growing areas of operational
research, as it is often realized that many concrete problems can be represented by several (conflicting) criteria.
It was described as the most well known branch of decision making (Triantaphyllou et al., 2000) and can be
broadly divided into two categories: MADM, and multiple objective decision making (MODM). Criteria can
be used to denote both objectives and attributes (Ganoulis,  2003). Often the terms MADM, MCDM, and
MODM are confused or used with the same meaning.
       MADM studies problems where the decision space is discrete, i.e. these problems have a limited number
of alternatives. The typical problem is associated with assessment and selection. The MODM method
concentrates on problems where the alternatives are not pre-determined, i.e., MODM assumes continuous
solution spaces or large number of points, e.g., as in multiple objective programming (Sealey, 1978). In a
general way, it can be said that MADM selects the best alternative among a finite number of choices, unlike
MODM where the best alternative is designed with multiple objectives based on continuous decision variables
subject to constraints. The MADM decision problem can be expressed by an (n×s) decision matrix D, in which
the element dij represents the performance ratings or utilities of alternative i, Ai (for i = 1, . . . , n), with
respect to a set of attributes (or criteria) j, Cj (for j = 1, . . . , s). Hence Ai is denoted by Ai = (di1,...,dis) and
the vector (d1j,...,dnj)

T shows the contrast of each alternative with respect to attribute j.
To represent the importance of the attributes, a weight Wj for each criterion can be given resulting in a

vector w = (w1,...,ws). The performance ratings and the attribute weights are cardinal values that represent the
decision maker’s  absolute  preferences  (Yeh, 2003). In  many  cases  the weights  sum  up to  one,  I. e.,

             , so  that  each weight can be interpreted as the percentage of importance of the corresponding
1

1
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attribute.

2.2. the Basic Dea Model:
Assume that we have n decision making units (DMU) each consuming m inputs to produce p outputs. Let

X ε R+
m×n and Y ε R+

p×n be the matrices, consisting of nonnegative elements, containing the observed input and
output measures for the DMUs. We denote by xj (the jth column of X) the vector of inputs consumed by
DMUj, and by xij the quantity of input i consumed by DMUj. A similar notation is used for outputs1.
In data envelopment analysis (DEA) context, the production possibility set (PPS) is defined as a set 

T= {(y, x)| y can be produced from x} =                                     .{( , ) | , , }y x x X y Y    

In the case of the CCR- model (Charnes et al. (1978))            and in the case of the BCC- modelnR 
(Banker 

et al. (1984))                                  .
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In data envelopment analysis, we are interested in recognizing efficient DMUs, which are defined as a

subset of points of the set T satisfying the efficiency condition defined below:
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Definition 1: 
A solution                                       , is  efficient if there does not exist another (y , x) 0 T* * * * *( , ) ( , ),  Y X y x   

such that                   , and                     .
* *,y y x x  * *( , ) ( , )y x y x

Definition 2:
A point                 is weakly efficient if there does not exist another (y, x) 0 T such that

* *( , )y x T
* *, .y y x x 

2.3. Multiple Objectives Linear Programming:
The MOLP problem can be written:

max( ) . . { | , 0},nMOLP V Cx s t x X x R Ax b x    

Where C and A are K×n and m×n matrices, respectively, b0R m, and Vmax represents the vector of
maximization. Since there is usually no point which simultaneously optimizes all the objectives, the concept
of efficiency, below, is used.

Definition 3:
         is efficient (not dominated) iff there does not exist another x 0 X such that x X ,  .Cx Cx Cx Cx 

Definition 4:
        is weakly efficient iff there does not exist another x 0 X such that             x X .Cx Cx
The aim of MOLP approaches is to identify the set of efficient points. For this purpose, there are many

different methods in the literature. One of these methods is an interactive programming method proposed by
Zionts and Wallenius (1978). Here, we briefly introduce it.

2.4. an Interactive Programming Method for Solving Molp Problems:
It is assumed  that  the  utility  function  U is  a  linear  function  of the objective function variables 

                           but the precise weights in such a function are not known explicitly. The so called( ), 1, 2,...,  p, i iu f x i 

Zionts-Wallenius method, first, chooses an arbitrary set of positive multipliers or weights,           satisfyingi 

               , and generates a composite objective function or utility function using these multipliers. The i1
1

p

i





composite objective function is then optimized to produce an extreme efficient solution X* to the problem.
The continuation of the procedure is essentially the same as the simplex method except that here the DM

chooses a nonbasic variable to enter the basis at each iteration. Due to the fact that the utility function being
used is assumed not to be known explicitly, the set of all nonbasic variables may be divided into two subsets:
1. Those nonbasic variables which, when introduced into the basis, lead to efficient adjacent extreme points

in the space of the u variables.
2. Those nonbasic variables which, when introduced into the basis, do not lead to efficient adjacent extreme

points in the space of the u variables.
Denote the first subset of variables as efficient variables and the second subset as inefficient variables. In

the process of finding a set of efficient variables from the set of nonbasic variables, firstly, Wij values must
be estimated based on implicit information around the optimal solution which is at hand. These Wij values
represent the decrease in objective function ui due to some specified increase in Xj . For estimating Wij values,
the following model is solved for each nonbasic variable Xj:

  (1) 
           max     xj

  s.t.  x X= ,  i=1,2,...,mn
i ix R a x b  

Suppose that    is an optimal solution of the above model. Then we compute the value of the x
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                    as follows:, ( 1,  2 ,...,  p)ijw i 

  (2)
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xijw

After estimation of Wij values, the following model is solved for each nonbasic variable    :lx
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Where, NBV is the set of nonbasic variables.
Test 1 If the optimal value of model (3) is negative, the variable Xl is efficient,
Test 2 If the optimal value of model (3) is nonnegative, the variable Xl is not efficient,
Test 3 There will be at least one positive Wij and at least one negative Wij for any efficient variable Xj . 
If all values of Wij for the variable Xj are positive, it indicates that Xj is not an efficient variable. Hence it is
not necessary to solve model (3) for Xj .

Now for each variable of a subset of efficient variables, the DM is asked: Here is a trade. Are you willing
to accept a decrease in objective function u1 of W1j, a decrease in objective function u2 of W2j , · · ·, and a
decrease in objective function up of Wpj? Respond yes, no or indifferent to the trade.

If the responses are all "no" for all efficient variables, terminate the procedure and take γi’ s as the best
set of weights. Otherwise, using the DM’s responses, we construct constraints to restrict the choice of the
weights γi to be used in finding a new efficient solution.
For each yes response construct an inequality of the form

  (4)
p

ij i
i=1

w .  

For each no response, construct an inequality of the form

  (5)

p

ij i
i=1

w . 
For each response of indifference, construct an equality of the form

  (6)

p

ij i
i=1

w 0. 
A feasible solution to the following set of constraints is found:
All previously constructed constraints of the form (4), (5), (6) and
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The process is then repeated by the resulting set of γi ’s and optimization of composite objective function
to produce a new extreme efficient solution to the problem. In this manner, convergence to an overall optimal
solution with respect to the DM’s implicit utility function is assured and finally, overall optimal solution of
γi ’s are the weights of objective functions with respect to the DM’s implicit utility function. Therefore optimal
value of γi ’s can be used for construction of utility function U as a linear function of the objective function

variables ( ), 1, 2,...,  p.i iu f x i 

3. The Idea:
Based on DEA and interactive multiobjective programming concepts, this paper investigates how the set

of attribute weights and the optimal alternative for MADM problems are determined according to DM's
preferences. Here we apply only one interactive multiobjective linear programming model that it obtains both
in time.           

Our approach is as follows: assume there are several alternatives and several attributes that elements of
decision matrix are known and attribute weights are unknown. The alternative which has to be evaluated is
considered as a DMU and the benefit attributes and cost attributes can be interpreted as outputs and inputs,
respectively and if only benefit attributes are considered, the case for pure benefit analysis and comparison,
an input value of 1 can be assumed for every alternative. So without losing the generality we assume there
are n DMUs that each DMU consumes varying amount of m different inputs to produce s different outputs.
We form PPS by Variable Return to Scale with these DMUs and then an MOLP problem is proposed whose
objective functions are the decision variables and these are the input and output components. With this model,
our purpose is to find a feasible solution of the input-output vectors of the PPS, which simultaneously
maximizes all outputs and minimizes all inputs.

The MOLP problem is as follows:

  (7)
1 2 1 2

1 1

max{ , ,..., , , ,..., }

. ( ,..., , ,..., }

m p

m p

x x x y y y

s t x x y y T

  



Where, Tv is PPS by Variable Return to Scale (VRS). 
After we solve this problem by Zionts and Wallenius (1976) approach, one of the results of this approach

is efficient solution (x*,y*), because this solution is belong to the PPS and it has attained interactively by DM;
We consider this solution as a most efficient alternative. The other result is γq as our known set of weights
for objective functions. Since input and output components are the same objective functions; we assume these
weights as weights of inputs and outputs. So we are able to obtain the efficiency score of other alternatives
and ranking of alternatives with these weights. Since attributes are considered as inputs/outputs, we assume
γq as the weight of attributes.

4. An Illustrative Example 
We now apply our approach to some commercial bank branches in Iran. There are 20 branches in this

district that we consider five attribute for each unit. The attributes are

.  Payable interest

.  Non- performing loans

.  Loans granted

.  Received interest

. Fee 

Table 1 shows the decision matrix for 20 Bank branches.
As we said, we consider each alternative as one DMU. Since for MADM the benefit attributes and cost

attributes can be interpreted as outputs and inputs, respectively, so we consider Payable interest and Non -
performing loans attributes as inputs and Loans granted, Received interest and Fee as outputs. So we have 20
research units (DMU) that each unit has two inputs and three outputs. Input-Output data for 20 DMUs have
been shown in Table 2.
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Table 1: Decision matrix for 20 Banks.
Attributes 

------------------------------------------------------------------------------------------------------------------------------------------------------
Alternatives NO. Payable interest Non- performing loans Loans granted Received interest Fee
1 5007 8724 6755 1086 695
2 2926 1212 7730 2396 749
3 8732 5001 2335 6842 317
4 9459 1975 6852 2362 510
5 8487 3911 2975 2662 923
6 1375 1565 5075 3591 869
7 5876 2900 8851 4050 370
8 4646 9983 1044 6260 588
9 1554 4139 5874 7643 250
10 1752 1022 2907 6272 868
11 2444 9371 5799 7527 228
12 7303 2135 4572 5757 559
13 9852 1729 2588 5652 836
14 4540 1796 2418 1437 146
15 3039 5513 8759 1067 433
16 6585 2399 6088 9971 399
17 4209 4310 1365 3036 455
18 1015 1935 6687 5256 274
19 5800 1956 9467 6097 191
20 1445 3206 9767 1991 471

According to definition of PPS, we form the PPS by Variable Return to Scale with these 20 decision
making units (DMUs) and we solve the down problem by approach that was mentioned in section (2.4). 

1 2 1 2 3

1 2 1 2 3

max{ , , , , }

. ( , , , , } v

x x y y y

s t x x y y y T

 



Iteration No. 1:
We first arbitrarily choose a set of weights γ1 = (0.2, 0.2, 0.2, 0.2, 0.2) for the composite objective

function. The composite objective function is then optimized to produce an extreme efficient solution X* to
the problem. So optimal solution for this problem is:

                                                                           and           . 
1 1 1 1 1 1

1 2 1 2 3( ,  , y , y , y )=(-1015, -1935, 6687, 5256, 274)X x x 18 1 

The set of nanbasic variables is (λ1, λ2, .....λ16, λ17, λ19, λ20,). In the process of finding a set of efficient
variables from the set of nonbasic variables, Wij must be estimated around the solution point obtained. To find
Wij , we solve problem (1) for all of nanbasic variables. The results are obtained and presented in Table 3:

For each nonbasic variable, l 0 {1, 2, 3, ...., 16, 17, 19, 20} LP problem (3) has been solved and set of
efficient variables has obtained. The set of efficient variables is (λ2 ,λ3, λ4, λ6, λ8, λ10, λ13, λ15, λ17, λ20). For each
of the efficient variables, the DM is asked to indicate the acceptability of the trade- offs represented by w2,
w3, w4, w5, w6, w7, w10, w13, w15, w17, w20, respectively. w2, w6, w10, w13, w15, w17 are attractive trade-off (i.e.
, yes response) and w3, w4, w7, w20, are not attractive trade-off (i.e. , response of no). As for DM’s judgments
we continue the final step of iteration one. In the end of this iteration we have. γ2 = (0.5250, 0.0970, 0.1971,
0.0391, 0.1418). 

Table 2: Input-Output data for 20 DMUs.
Inputs Outputs
-------------------------------------- ----------------------------------------------------------

DMU NO. l1 l2 01 02 03

1 5007 8724 6755 1086 695
2 2926 1212 7730 2396 749
3 8732 5001 2335 6842 317
4 9459 1975 6852 2362 510
5 8487 3911 2975 2662 923
6 1375 1565 5075 3591 869
7 5876 2900 8851 4050 370
8 4646 9983 1044 6260 588
9 1554 4139 5874 7643 250
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Table 2: Continue
10 1752 1022 2907 6272 868
11 2444 9371 5799 7527 228
12 7303 2135 4572 5757 559
13 9852 1729 2588 5652 836
14 4540 1796 2418 1437 146
15 3039 5513 8759 1067 433
16 6585 2399 6088 9971 399
17 4209 4310 1365 3036 455
18 1015 1935 6687 5256 274
19 5800 1956 9467 6097 191
20 1445 3206 9767 1991 471

Table 3: The results of converting nonbasic variables in to the basic variables.
Nonbasic solution
Variable ------------------------------------------------------------------------------------------------------------------------------

X1 X2 y1 y2 y3

λ1 -5007 -8724 6755 1086 695
λ2 -2926 -1212 7730 2396 749
λ3 -8732 -5001 2335 6842 317
λ4 -9459 -1975 6852 2362 510
λ5 -8487 -3911 2975 2662 923
λ6 -1375 -1565 5075 3591 869
λ7 -5876 -2900 8851 4050 370
λ8 -4646 -9983 1044 6260 588
λ9 -1554 -4139 5874 7643 250
λ10 -1752 -1022 2907 6272 868
λ11 -2444 -9371 5799 7527 228
λ12 -7303 -2135 4572 5757 559
λ13 -9852 -1729 2588 5652 836
λ14 -4540 -1796 2418 1437 146
λ15 -3039 -5513 8759 1067 433
λ16 -6585 -2399 6088 9971 399
λ17 -4209 -4310 1365 3036 455
λ19 -5800 -1956 9467 6097 191
λ20 -1445 -3206 9767 1991 471
Where, in the all of these new models, value of objective function i.e. nonbasic variable had been equal one.

The vectors of w1, w2,........,w17, w19, w20 are obtained and presented in Table 4.

Table 4: The reduced cost for each objective due to introducing a unit of the nonbasic variable into the basic variable.
NonbasicVariable W1i W2i W3i W4i W5i

λ1 3992 6789 9932 84393 -421
λ2 1911 -723 -11043 62860 -475
λ3 7717 3066 21686 -1586 -43
λ4 8444 40  -20165 62894 -236
λ5 7442 1976 13712 82594 -649
λ6 360 -370 -24063 41665 -595
λ7 4861 965 -2164 54749 -96
λ8 3631 8048 16245 38996 -314
λ9 539 2204 10813 77613 24
λ10 737 -913 3780 28984 -594
λ11 1429 7436 10888 77729 46
λ12 6288 200 2115 59499 -285
λ13 8837 -206 -15901 49604 -562
λ14 3525 -139 14269 13819 128
λ15 2024 3578 -52072 84577 -159
λ16 5570 464 -9401 5285 -125
λ17 3194 2375 -64678 62220 -181
λ19 4785 21  -2780 29159 83
λ20 430 1271 -3080 73265 -197

Iteration No. 2: 
We form the composite objective function with γ2 = (0.5250, 0.0970, 0.1971, 0.0391, 0.1418), and then

we solve this problem. The optimal solution is                                                                2 2 2 2 2 2
1 2 1 2 3( ,  , y , y , y )=(-1445, -3206, 9767, 1991, 471),X x x

λ20 =1.
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As for DM’s judgments we continue the other steps of iteration two. In the end of this iteration we have
γ3 = (0.1570, 0.1651, 0.1648, 0.3053, 0.2078).. 

Iteration No. 3:
We form the composite objective function with γ3 = (0.1570, 0.1651, 0.1648, 0.3053, 0.2078), and then

we solve this problem. The optimal solution is                                                                 3 3 3 3 3 3
1 2 1 2 3( ,  , y , y , y )=(-6585, -2399, 6088, 9971, 399),X x x

λ16 = 1
In the end of this iteration the all of W j are not attractive trade-off (i.e., response of no). Because the

responses are all "no" for all efficient variables, we terminate the procedure, and we take γ3 as the best set of
weights for objective functions and X3 = (x*,y*)as the efficient solution for model (7).

Because this point is belong to the PPS and it has attained interactively by DM; we consider this point

as a most efficient DMU. So at present we have                                                             as* *
16 ( ,  y )=(6585, 2399, 6088, 9971, 399)DMU x

a most efficient DMU and γ3 that is weights for inputs and outputs. We consider γ3 as

                                                                           in which  is weight for     (i=1, 2)3
1 2 1 2 3( ,  u ) = ( v , v , u , u , u , )=( 0.1570, 0.1651, 0.1648, 0.3053, 0.2078)v

      

 iv


ix


and     is weight for      (j=1, 2, 3).ju


jy


With this single-facet frontier, all DMUs, both efficient and inefficient, have a common basis for ranking. Note
that this single-facet frontier is favorable for the DM, because his preference information is considered in
determining this facet. So we are able to obtain the efficiency score of other DMUs with this single-facet
frontier. Since attributes and projects are considered as inputs (or outputs) and DMUs, respectively, we assume
most efficient DMU as the best project and γq as the weight of attributes.

Since most efficient DMU is an input-output vector preferred to all other possible input-output vectors 

and as for concept of BCC-O efficiency, we have          (8)
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DMU in which           is gradient vector for this hyperplan. With this single-facet frontier, all DMUs, both( ,  u )v
 

efficient and inefficient, have a common basis for ranking. Not that this single-facet frontier is favorable for
the DM, because his preference information is considered in determining this facet. So we are able to obtain
the efficiency score of other DMUs with this single-facet frontier.

Now for obtaining the efficiency score of each DMU, at first by use equation (8)      is obtained and then*
Ov

for each DMU we compute:
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Where,           have obtained formerly. As for concepts that have been mentioned in section 3, DMU16 is( ,  u )v
 

the best alternative and γ3 as the weight of attributes. Solving (9) for each DMU gives the following efficiency
scores and ranking of alternatives that are shown in Table 5.

Table 5: Ranking of DMUs (alternatives).
Rank alternative NO. BCC-O efficiency score
1 16 1                         
2 9 1.0818                     
3 19 1.1365    
4 18 1.1504    
5 10 1.2214                         
6 11 1.4029                         
7 7 1.4797                         
8 20 1.4929                         
9 6 1.4975                         
10 2 1.5547                         
11 12 1.5984                         
12 1 1.8417                         
13 3 1.9283                         
14 13 1.9488
15 15 2.1986                         
16 4 2.3061                         
17 5 3.1299                         
18 17 3.2677                         
19 14 4.2761
20 8 10.46

5. Conclusion:
This paper applies an interactive multiobjective linear programming as for DM's preferences in order to

detect the attribute weights and choose the best alternative. Using the proposed model, decision maker is able
to find attribute weights and choose the best alternative simultaneously only by solving one MOLP, so can get
faster results. The merits of the proposed formulation compared with DEA-based approaches that have
previously been used, can be listed as follows. First, by solving this MOLP problem interactively, decision-
maker’s preferences into the analysis are incorporated. Second, this formulation allows the computation of the
efficiency scores of all DMUs by a single formulation, i.e. all DMUs are evaluated by a common base. Third,
this approach is capable for situation in which return to scale is variable. Finally to illustrate the model
capability it is applied to a data set consisting of the 20 Bank branches.
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