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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. We will introduce a comprehensive yet efficient approach for accountable and
understandable MADM. For obtaining the attribute weights and choosing the best alternative, we use
the Common Set of Weights (CSW) in DEA. The DMUs correspond to the alternatives which have
to be evaluated. We will obtain the common set of weights of these DMUs and then we consider
these weights as weight of attributes. We compute the efficiency score of each DMU and we will
consider the efficient DMU as the best alternative.
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INTRODUCTION

Multiple Attribute Decision Making (MADM) refers to making preference decision (e.g., evaluation,
prioritization, and selection) over the available alternatives that are characterized by multiple, usually
conflicting, attributes. It is an important research topic with wide applications in management and engineering
(Hwang &yoon, 1981; Al-Kloub et al. 1997; Yoon &Hwang, 1996). Current methods for MADM problems
first determine the weights assigned to the attributes according to different preference information given by
the decision maker. The mathematical models based on the determined weights are then used to rank the
alternatives.

The MADM problem needs to be solved by one of the many methods available. Solving can imply the
aggregation of utilities into an overall evaluation for each alternative leading to a final ranking. As each
method has its own characteristics, there are many ways to classify them (Smith &Winterfeldt, 2004; Hwang
&yoon, 1981; Poh, 1998). One classification method based on the type of data considers either deterministic,
stochastic (Lahdelma et al. 2003; Prato, 1999) or fuzzy methods (Carlsson & Robert, 1996; Yeh, 2004). An
alternative way to classify methods pertains to the number of decision makers involved in the decision making
process, i.e. focusing on supporting group decisions (Kim and Han, 1999). The methods can be classified
further according to the type of information and its salient features, e.g., cardinality of scales.

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. The
validity of ranking outcomes remains a problematic issue in MADM and is also of concern in this article. Well
known MADM methods comprise the total sum (TS), the simple additive weighting (SAW) method also known
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as weighted sum model (WSM), the weighted product model (WPM), the outranking approaches ELECTRE
(Benayoun et al. 1996) and PROMETHEE (Brans and Vincke, 1985) and the TOPSIS method (Hwang & 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 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.

Here some basic principles from data envelopment analysis (DEA) are used in order to extract the
necessary information for solving an MADM problem. For the calculating process the basic DEA approach
needs no further information from the decision maker regarding any desired weighting of attributes. This
feature of requiring little information from decision makers and analysts is seen as the main relative advantage
of DEA in comparison with classic MADM methods (Sarkis, 2000). Solving the DEA model yields the DEA-
efficiency scores as well as benefit- and cost-related weighting schemes for every alternative. These basic
results can assist the decision maker in arriving at his preference decision or supply new alternative related
information, e.g., structural insights. 

In this paper a new method is proposed for MADM problems with incomplete information. In MADM
problem that we discuss in this paper, several alternatives and several attributes are known and weight of
attributes is unknown. We use the Zohrehbandian et al's approach for finding a common Set of Weights (CSW)
concept in DEA for obtaining the attribute weights and choosing the best alternative. We will obtain the
common set of weights (CSW) of these DMUs and then we consider these set of weights as weights of
attributes. We compute the efficiency of each DMU and we will consider the efficient DMU as the best
alternative.

The rest of this paper is organized as follows; section 2 reviews DEA and section 3 reviews
Zohrehbandian et al's approach for obtaining CSW. In section 4 we propose a new approach for solving
MADM problem and then we bring an empirical illustration for discussion of our approach in section 5.
Finally, section 6 gives concluding remarks.

The Basic Dea Model:
Charnes et al. (1978) introduced the CCR ratio definition which generalized the single-output to single-

input classical engineering-science ratio definition to multiple outputs and inputs without requiring preassigned
weights. This is done via the extremal principle incorporated in the following model:
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The dual model is always used in realistic applications, which is expressed with a real variable 0 and a
nonnegative vector � = (�1, �2,..... �n) of variables as follows:
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For an introduction to DEA see, e.g., (Cooper et al. 2000).

Zohrehbandian et Al's Approach for Finding a Common Set of Weights (Csw):
Here, we discuss Zohrehbandian et al's approach briefly:
They proposed to compute � j,j =1,2,.....,n from the CCRe model, when DMUj is under consideration and

then let xj , �j (�j, xj, yj) which (�j, xj, yj) called the projection of DMUJ on the efficient frontier, is an efficient
(virtual) DMU.

In the Zohrehbandian et al' approach has been shown that following model and model (1) have the same
answer.
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Therefore, they used the following MOLP problem for computation of CSW: 
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Solving the model (3) give us CSW and then efficiency score of DMUJ ,j=1,2,...., n can be obtained by using 

these common set of weights as                             If for (u, v) we have                           , then1
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�DMUP is called efficient.

Furthermore, by defining the set A ={j : DMUj is efficient by this CSW approach}, and using the same
approach as in Jahanshahloo et al. (2005) a complete ranking of DMUS will be obtained.

The Idea for Solving an Madm Problem:
An MADM problem can be concisely expressed in a matrix format, in which columns indicate attributes

considered in a given problem; and rows list the competing alternative. Specifically, an MADM problem with
m alternatives (A1 , A2,......, Am)that are evaluated by n attributes (c1, c2,........, cn) can be viewed as a geometric
system with m points in n- dimensional space. An element Xij of the matrix indicates the performance rating
of the i-th alternative,Aj , with respect  to the j-th attribute, cj , as  shown in Eq. (4):

5273



Aust. J. Basic & Appl. Sci., 4(10): 5271-5276, 2010

  (4)

1 2 3 n

11 12  13 1n1

2 21 22  23 2n

m  m1 m2 m3 mn

                c       c       c       c
x     x    x . . . xA

D= A x     x    x . . . x   
A x     x     x     x

          

� �

 �

 �

 �
� �

The terms used in the present study are briefly defined as follows:

* Attributes: Attributes (Cj , j=1,2,....,n) should provide a means of evaluating the levels of an objective.
Each alternative can be characterized by a number of attributes.

* Alternatives: These are synonymous with "options" or "candidates". Alternatives (Ai , i=1,2,.......,m) are
mutually exclusive of each other.

* Attribute weights: weight values (w j)represent the relative importance of each attribute to the others. W
={wj = 1, 2,....., n} That in this paper we will calculate those with Zohrehbandian et al's approach.

Here some basic principles from data envelopment analysis (DEA) are used in order to extract the
necessary information for solving an MADM problem. For MADM the benefit attributes and cost attributes
can be interpreted as outputs and inputs, respectively and the DMUs correspond to the alternatives which have
to be evaluated. If only benefit attributes are considered, in the case for pure benefit analysis and comparison,
an input value of 1 can be assumed for every alternative. Without losing the generality of problem we suppose
that there is m DMUs that each DMU consumes varying amount of s different inputs to produce p different
outputs. We consider the produced PPS by these DMUs. We use the common set of weights (CSW) concept
in DEA for obtaining the weight of an attribute and choosing the best alternative. We will obtain the common
set of weights (CSW) of these DMUs and then we consider these set of weights as attribute weights. We
compute the efficiency score of each DMU and we will consider the efficient DMU as the best alternative.

Empirical Illustrations for Discussed Method:
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
c1. Payable interest
c2. Non-performing loans
c3. Loans granted
c4. Received interest
c5. Fee

Table. 1 shows the decision matrix for 20 Bank branches.

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
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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 l1 , l2 inputs, respectively and Loans granted, Received interest and Fee as O1,
O2 and O3 outputs, respectively. So we have 20 research units (DMU) that each unit has two inputs and three
outputs. Input-Output data for 20 DMUs has been shown in Table 2.

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
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 with these 20 decision making units (DMUs). Now we
apply the mentioned method in the section 3 for these DMUs. The results of this approach are.

CSW                            and efficient DMU for these 20 DMUs that they are referred to as weights* * * * *
1 2 1 2 3( , , , , )v v u u u�

of attributes and the best alternative, respectively. Table 3 contains the weights generated by proposed method
in this paper (for p=1), respect to inputs and outputs. Furthermore, Table 4 shows the efficiency scores of
DMUs calculated from our approach in this paper.

Table. 3: Weights of attributes generated from the proposed approach
V1 V2 U1 U2 U3
0.21236 0.37822 0.10224 0.03604 0.27114

Table. 3: Efficiency scores and the associated rankings calculated from the CCR ratio model
Rank DMU (alternative)                          CCR- efficiency score
1 2 1
1 6 1
1 10 1
1 18 1
5 20 0.7882
6 19 0.6283
7 9 0.4977
8 7 0.4909
9 16 0.4725
10 15 0.3849
11 12 0.3503
12 4 0.3353
13 13 0.2530
14 11 0.2278
15 1 0.2105
16 14 0.2060
17 5 0.1982
18 3 0.1525
19 17 0.1475
20 8 0.1033

Conclusion:
In this article we illustrated a comprehensive yet efficient approach using DEA for accountable and

understandable MADM. DEA was assessed as a technique that can easily be exploited in decision making
practice, even if the decision maker works with pre-defined weighting profiles, e.g. the SAW (simple additive
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weighting) or TS (total sum) method. In this paper we proposed one new approach based on CSW concept
in DEA that at first weights of attributes is determined and then with these weights and one ranking approach
the most efficient DMU is determined that we refer this DMU as the best alternative. Extension of this
approach by one interactive approach is one topic for research in future.
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