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Abstract

Nowadays, improving the competitive condition of organizations greatly depends upon
the process of outsourcing. Raw materials, products, services, or some parts of the orga-
nization activities can be outsourced. Thus, the process of outsourcing is regarded as a
strategic decision. At the same time, the first step after making decision on outsourcing is
selecting the appropriate supplier in the given area. Due to the importance of this issue,
so far many extensive studies have been conducted on offering appropriate solutions to
the problem of supplier selection. In this paper, a hybrid system consisting of Data Fn-
velopment Analysis (DEA) and group decision making based on fuzzy models is proposed
for solving the problem of supplier selection. In this hybrid system, first the weights of
the criteria are obtained from every decision maker as fuzzy numbers and group decision
making, and after being integrated, they are incorporated into the DEA model using the
concept of intersection in fuzzy numbers. Then, DEA model is solved through Assurance
Region (AR) method in order to select the best supplier.
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1 Introduction

Nowadays, Supply Chain Management (SCM) has gained particular importance due to
globalization and increased competition among agencies [26]. This competitive atmosphere
exerts a doubled pressure on the companies for decreasing expenses, improving qualities,
and reducing lead-times [13]. Thus, this complex situation makes managers to focus on all
activities of supply chain process from suppliers to the end users, and use numerous strate-
gies and operational instruments to improve this chain. One of the strategies considered
by most organizations is the strategy of keeping the set of core competencies within the
organizations and outsourcing and delegating other competencies to other suppliers [12].
Hence, outsourcing is a very important process and in order to get a better competitive
position, organizations must effectively manage this process. In this regard, purposeful
selection of an appropriate supplier for outsourcing is one of the most important decisions
at the organizational level, regardless of meeting operational needs of the organization, so
suppliers are considered as parts of the executors of the strategic goals of the organization
[13]. Therefore, the issue of supplier selection is important in the sense that selecting a
weak supplier has direct and significant influence upon the quality of product delivered
to the customer [3]. At the same time, selection of criteria for judging suppliers is one of
the main aspects of supplier selection process. Dickson [10] proposed and prioritized 23
different criteria for the evaluation and selection of the appropriate suppliers. Weber et
al. [40] reviewed 74 papers published since 1966 on the issues of supplier selection. They
indicated that from among the selection criteria proposed in these papers and the study
conducted by Dickson in 1966, 7 criteria have more importance. These criteria include
quality, cost, on time delivery, production facility, production capacity, technical capabil-
ity, and geographical location. They found out that the problem of vendor selection is
essentially a multiple objective problem in which the specific criteria such as cost, quality,
delivery time, etc. must be considered simultaneously and the best vendor is selected
according to them. For this reason, so far various methods have been proposed for solving
the problem of supplier selection.

In 1998, Analytic Hierarchy process (AHP) technique was utilized for ranking the com-
panies [1]. In 2003, Kahraman et al. [27] used fuzzy AHP for selecting the best contractor
based on meeting the specific criteria. Hou and Su [23] developed AHP method for the
problem of selecting suppliers in mass customization environments. However, AHP tech-
nique is not without its faults. First, when more than one person uses this method in
decision-making area, different opinions of decision-makers on the weight of each criterion
makes the model complex. Second, this technique greatly depends upon the information
and experience level of the decision maker regarding the decision issue [42]. The last
criticism of this technique is not considering the interrelationships of the criteria in the
model [34]. Braglia and Petroni [5] proposed the theory of multiple attribute utility on
the basis of DEA. They used this method for the formulation of viable sourcing strategies
in changing environments. Later, Bross and Zhao [6] indicated that multi attribute utility
theory (MAUT) is an appropriate and useful method. It enables purchase managers to
formulate their viable sourcing strategies. Technique for Order-Preference by Similarity
to Ideal Solution (TOPSIS) is one of the well-known classical techniques for Multiple At-
tribute Decision Making (MADM) problems. This technique was invented by Hwang and
Yoon in 1981 [24]. Chen et al. [8] used fuzzy TOPSIS for solving the evaluation problem
in supplier selection process. Then, fuzzy hierarchical TOPSIS was utilized for solving
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supplier selection problem by Wang et al. [38]. Kumar et al. [28] employed fuzzy goal
programming for solving the problem of supplier selection with multiple objectives. Weber
[39] indicated how DEA technique can be applied for evaluating suppliers with multiple
criteria and weights assigned for them. Forker and Mendez [18] proposed an analytical
method for using DEA technique that can help companies identify the most efficient sup-
pliers. Garfamy [19] utilized DEA technique for measuring the total performance of the
suppliers based on the concept of total cost of ownership (TCO). Farzipoor Saen and
Zohrehbandian [16] proposed a super efficiency model for ranking suppliers according to
volume discount condition. Again, Farzipoor Saen [14] introduced a model in which the
best suppliers are selected according to quantitative (cardinal) and qualitative (ordinal)
data in environments in which the issue of volume discount is addressed. In addition,
fuzzy logic and its application are among the techniques used for designing decision mak-
ing models. Chen et al. [8] presented a hierarchical model on the basis of fuzzy sets theory
for supplier selection problem. Florez-Lopez [17] employed fuzzy-linguistic models in or-
der to select the best supplier. In recent years, researchers have used hybrid approaches
(combination of various methods) for the evaluation and selection of suppliers. Ghodsy-
pour and O’brien [20] offered a hybrid model of AHP and linear programming in which
quantitative and qualitative criteria are used simultaneously. In order to reduce the num-
ber of suppliers from among the suppliers present for the purpose of better management,
Mendoza et al. [30] offered a hybrid model of AHP and Goal Programming (GP). Sevkli et
al. [36] proposed a model in which a combination of AHP and DEA is utilized for supplier
selection. Farzipoor Saen [11] employed a hybrid model of AHP-DEA for evaluating and
selecting from among slightly non- homogeneous suppliers. Ramanathan [33] offered a
hybrid model consisting of AHP, DEA, and TCO in which quantitative and qualitative
information are used concurrently.

As it can be inferred from this brief review, so far, various models have been designed
and proposed for the issue of supplier selection. However, to the best of knowledge of the
authors, there is no model which uses the combination of intersection concept in fuzzy
numbers and DEA technique for solving the problem of supplier selection.

The model proposed in this paper has the following contributions:

e For the first time, the proposed model utilizes the intersection concept in fuzzy
numbers for integrating the views of decision-makers.

e For the first time, quasi-Gaussian fuzzy number is used in the definition of fuzzy
linguistic variables for determining the importance of supplier selection criteria.

e Real data obtained from field study is used for defining fuzzy linguistic variables.

e The proposed model is a hybrid one in which the weight of each criterion, after
being calculated through the concept of intersection in fuzzy numbers, is added to
the classical DEA model and the resulting Assurance Region (AR) model is solved
for the evaluation of the suppliers.

This paper proceeds as follows: In section 2 theoretical fundamentals and primary defini-
tions of the tools and techniques used in the study are explained. In section 3, the proposed
hybrid system and administrative stages are presented and finally, the proposed model is
solved with an example in section 4. At the end, some outlooks of model development are
suggested as the conclusion in section 5.
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2 Theoretical fundamentals and primary definitions

2.1 Fuzzy set theory

The theory of fuzzy set was introduced by Zadeh [43] for expressing uncertain variables
and concepts. The fuzzy set theory involves fuzzy logic, fuzzy arithmetic, fuzzy mathe-
matical programming, fuzzy topology, fuzzy graph theory, and fuzzy data analysis [27].
In this subsection, some basic definitions of fuzzy set, i.e. fuzzy numbers and linguistic
variables are illustrated.

- Gaussian Fuzzy Number (GFN)

As it is pointed out by [4] and [21], GFN is often used in practical and operational as-
sumptions because its parameters are empirically determined though experience. Gaussian
density function of probability is defined as below:

f(z) =exp (—% X W;#) (2.1)

- Quasi-Gaussian Fuzzy Numbers (QGFN)
GFN is not bounded. This is considered as a disadvantage for its numerical treatment.
The following procedure is used for bounding GFN [22]:

exp (—% X (m;—f)Q) If | m—uz|<ro

f(r) = where r € Rt (2.2)
0 If |m—z|>ro

- Operations of fuzzy set B B
Fuzzy union: In general, the union of the two fuzzy sets of A and B is defined as below
[29]:

piu5(@) = max [pz(@), pg ()] (2.3)
Fuzzy intersection: Intersection of the two fuzzy sets of A and B is defined as below [29]:

1 ing(@) = min [p3(2), pg(2)] (2.4)

The union and intersection of two fuzzy sets with the quasi-Gaussian membership function
are depicted in (1.a) and (1.b) respectively:

(1.a) Union (1.b) Intersection
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Fig. 1. Union and Intersection

- Fuzzy linguistic variables
In general, when a variable is considered, it is assigned a number as its value. Now, if
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linguistic terms are assigned to these variables, they are called linguistic variables [29].
Linguistic variables are defined via membership functions. Gaussian and quasi-Gaussian
membership functions are two types of them. The characteristics of these membership
functions in comparison to other common membership functions are as below:

1. Gaussian and quasi-Gaussian membership functions are closer to human behavior
and thought.

2. Triangular or trapezoidal membership functions consider only 3 and 4 points from
the given interval, respectively, and other points of the specific interval are not
considered [32].

3. Adapting Gaussian and quasi-Gaussian membership functions with reality is easily
achieved through changing the mean and variance of membership function [32].

4. Quasi-Gaussian membership function is the same as Gaussian membership function;
the only difference is that the problem of being unbounded has been solved in it for
numerical treatment.

Nevertheless, one of the most important decisions in the definition of linguistic variables is
selecting the number of linguistic terms for describing each criterion. Miller [31] claimed
that the number of words or sentences that an individual is able to distinguishis 7£2 . In
Fig. 2, the linguistic variable of temperature is expressed as the quasi-Gaussian fuzzy
number.

ley Cool Moderate Warm Hot
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07F

oSt
Membership .

degree
04r

03
02

[Vl 3

Temperature (°C)

Fig. 2. The fuzzy linguistic variable of temperature

2.2 Data Envelopment Analysis

DEA is a decisional technique that has been widely used for performance analysis in
public and private sectors. DEA developed by Charnes et al. [7], is a non-parametric
estimation method, in the sense that no choice of a parametric functional form is needed
in the estimation of the frontier. Later, in 1984, another model was proposed by Banker
et al., called BCC [2].

- CCR Model
Suppose there is a set of n decision making units, {DMU; : j = 1,2,...,n}, which produce
multiple outputs y,;(r = 1,2,...,s) , by utilizing multiple inputs z;;(: = 1,2,...,m) .
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When a DMU, is under evaluation by the CCR model, there is:
max W =3 ,_| uYrp
st Yo v, =1
Do UrYrj — Doing viTij <0, Vi,

Up, V5 > 0 Vr, 4

(2.5)

where u, is the weight of rth output and v; is the weight of the ith input in model (2.5),
DMU, is said to be efficient (W = 1) if no other DMU or combination of DMUs can
produce more than DMU, on at least one output without producing less in some other
output or requiring more of at least one input.
- Assurance Region (AR) technique in DEA
One serious drawback of DEA applications in supplier selection has been the absence of
decision maker judgment, allowing total freedom when allocating weights to input and
output data of supplier under analysis. This allows suppliers to achieve artificially high
efficiency scores by indulging in inappropriate input and output weights [15]. The most
widespread method for considering judgments in DEA models is, perhaps, the weight re-
strictions inclusion. Weight restrictions allow for the integration of managerial preferences
in terms of relative importance levels of various inputs and outputs. The idea of condi-
tioning the DEA calculations to allow for the presence of additional information arose first
in the context of bounds on factor weights in DEAs multiplier side problem. This led to
the development of the cone-ratio and assurance region models [15].

In general, there are three methods for entering the restrictions of weights into multi-
plier models of DEA [15]:

1. Absolute weight restrictions:
i <vi<t  pr<u < (2.6)

2. Assurance region of Type I (relative weight restrictions):

V; u
< — <4 0, <—<¢&
Vi1 Ur41

3. Assurance region of Type II (input-output weight restrictions):
ViV = Uy
where, Greek characters (d;, 7, pr, 0y, i, Vi, 0r, Cry ;) are upper and lower limit of the
weights assigned by the decision maker who desires that the model determines the weights
of input and output factors in this limit.

For instance, by bounding the weights in model (2.5) and using the first method for
applying weight restrictions, the CCR model is written as below:

max W =37\ turyrp

st Yt vimp, =1
D1 Urlrj — D oiey viti; <0V, (2.7)
pr < up < 1)y vr

6i§”i§7'i Vi



J. Jassbi et al. | IJIM Vol. 3, No. 3 (2011) 193-212 199

where, (7;,6;) and (7, pr) are the upper and lower limits of inputs and outputs, respec-
tively. The important point is that assigning limits is not totally free and it must be
noticed if the problem is feasible.

- l1-norm method for ranking efficient units

In some cases, there are more than one efficient DMUs with relative efficiency of 1. In
these situations, various ranking methods can be used for determining the efficient unit
from among them. Jahanshahloo et al. [25] proposed [1-norm method for ranking efficient
units. They indicated that this method does not have the problem of infeasible solution
which is found in other methods. When DEA model with constant returns to scale is
assumed for ranking efficient DMUs, the following model will be utilized:

min DYX,Y)=Y" 2, —> 0 yr+a

s.t. Zj:Lj;éo)‘ﬂij < z; i=1,...,m,
D it ito NiYri > Ur r=1,...,s,
Zi 2 Tio i=1,...,m,
0<yr <Yro r=1,...,s,
A >0 i=1,....n, j#0
where, & = >0 Yro — Doiry Tig, and X = (Ai,..., Ao—1, Ao41,---,An) I8 & non-negative

vector of variables (envelopment from), « is the constant, and I'? (X,Y") is the distance
(Xo,Y,) from (X,Y) by using [1-norm.

3 The proposed model

Based on what stated in previous sections, the process of supplier selection is proposed
as a hybrid system in 5 stages as below:

1. Identifying important criteria for the selection of suppliers

2. Eliciting the weight of every selected criteria

3. Evaluating suppliers and determining their relative efficiency

4. Ranking suppliers having tie in their relative efficiency (if necessary)

5. Reviewing the weights of criteria and re-evaluating the suppliers (if necessary)

The first step is identifying necessary and important criteria for evaluating the sup-
pliers. It is worth noting that identifying important and applicable criteria is vital for a
rational and unbiased selection. In the second step, every decision maker assigns an ap-
propriate weight to each selected criterion, and then these opinions are integrated. This is
done by using fuzzy linguistic variables and the concept of intersection in fuzzy numbers.
In the third step, DEA is employed for calculating the relative efficiency of suppliers and
selecting the best of them on the basis of the highest relative efficiency obtained. In this
technique, AR method is used for incorporating the weights of criteria obtained in step 2.
At the same time, if more than one supplier has tie in the relative efficiency, the fourth
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step is executed. In this case, I1-norm method is utilized for ranking the efficient units
in order to determine the superior supplier. Finally, if entering criteria weights into AR
model through DEA does not provide the problem with a feasible solution or an intersec-
tion is not achieved in integrating the opinions of the decision makers in step 2, the fifth
step is activated and the weights assigned by decision makers are reviewed by analyzing
the information and their causes. The model of these procedures is indicated in Fig 3.

Identifying and selection

Engineering judgment, (NGT)

¢!
[ I |

Assigning weights to criteria

Assigning weights to criteria

Linguistic variables

Linguistic variables P

Decision maker 1

Decision maker 2

Assigning weights to criteria

Linguistic variables

Decision maker n

v

Determining the acceptability range of each criterion

The concept of fuzzy intersection

Analysis of the information and their
Is there any intersection

between the views of
decision makers?

contradiction causes

Problem solving tools

Calculating the relative efficiency of suppliers

AR method

No Does the problem have

feasible solution?

Ranking efficient suppliers Yes

Is there any tie?

F §

I;-norm

Preparing and presenting the ordered list of}
suppliers according to their relative
efficiency

A 4

Fig. 3. Depiction of the proposed hybrid model

3.1 Identifying important criteria

Making a rational and correct decision is very difficult in the process of evaluating and
selecting suppliers. In this respect, many criteria must be considered with great care
for problem solving. Research conducted by Dickson [10] and Weber et al. [40] can be
considered as a guide for selecting appropriate criteria in supplier selection problem. In
this case, appropriate criteria can be identified and used through engineering judgment
or using the expert opinions of the organization or through any other techniques such as
nominal group technique (NGT) [9].
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3.2 Eliciting the weight of every selected criteria

The second step in the process of supplier selection is specifying the weights of the
selected criteria. For this purpose, first an appropriate ranking system must be designed
for assigning weights to criteria by the decision makers, and then these weights must be
integrated and the final weight of each criterion should be determined.

3.2.1 Defining the linguistic variables

Linguistic variables are useful for stating complex situations or situations which cannot
be converted into quantitative terms, because the evaluation of these variables is done on
the basis of subjective judgment of the decision makers. in this study, as discussed in
section 2, the linguistic variable of importance degree with 5 fuzzy linguistics terms
having quasi-Gaussian membership function will be used for specifying weights of the
criteria. The linguistic variables used for stating the importance of supplier selection cri-
teria in this study include:

Very low low middle high Very high
VL L M H VH

To determine the shape and range of each linguistic term, a questionnaire was devel-
oped and the opinion of each expert regarding the importance of the selected criteria in
the numerical example of the paper was obtained. Since supplier selection in each orga-
nization is conducted by experts and senior directors, judgmental sampling method was
utilized to survey opinions on the importance of the selected criteria and the views of this
group of experts and directors were obtained [35]. To this end, the experts and directors
of various organizations were provided with a guiding diagram of definition of linguistic
variables that has been shown in Fig. 4 to express their views on the shape and range of
each linguistic variable.

Very low Low Middle High Very high

Membership
degree

5] 02 03 04 05 06 07 08 03

Importance range

Fig. 4. Linguistic Variables Defining Importance

In Table 1, the pattern of defining criteria importance by two experts is presented as a
sample:
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Collecting the views of experts on linguistic terms
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Experts’ Criteria Importance | The proposed pattern for defin-
view ing the importance of criteria
Price High .,
Percent of re- | Very high - g -
jected materials
Expert 1 Percent of on | Middle
time delivery
Supplier capac- | Low
ity
Price Middle verylow low  widdle High Very high
Percent of re- | High o ; / ,
jected materials >l ]
Expert 2 Percent of on | High o ’
time delivery o
Supplier capac- | Very low » 7

After obtaining views of 100 experts and directors, the data of the presented figures was
derived and the frequency table of each defined linguistic term was prepared. Table 2

presents this information.

Table 2
Frequency of views obtained from the experts
Importancerange | VH |  H | M |L | VL
0 0 0 (0 1 15
0.1 0 0 (0 3 |5
0.2 0 0 |1 19 | 4
0.3 0 0 |5 27 | 2
0.4 0 3 13 [251]0
0.5 2 23 147 (1010
0.6 7 593 146 |3 |0
0.7 26 74122 [0 |0
0.8 35 57 | 5 0 (0
0.9 40 0 0 (0
1 40 1 10 0 (0

Then, the frequencies obtained were normalized through linear normalization method via
equation (.2.1). This method is useful in that all results become equally linear and thus
the condition of criteria and their results remain the same.

Cij .
ng; = —L  with ¢ =
2] c*

Ji max ci;
j J

where, ¢;; is the frequency of the ith importance range relative to jth term.
By normalizing the frequencies obtained, the membership degree of each element of
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importance range is obtained. Table 3 summarizes these results.

Table 3

Membership degree of the elements of importance range

Importance range | VH | H M L VL
0 0.00 | 0.00 | 0.00 | 0.04 | 1.00
0.1 0.00 | 0.00 | 0.00 | 0.11 | 1.00
0.2 0.00 | 0.00 | 0.02 | 0.70 | 0.80
0.3 0.00 | 0.00 | 0.11 | 1.00 | 0.40
0.4 0.00 | 0.04 | 0.74 | 0.93 | 0.00
0.5 0.05 | 0.31 | 1.00 | 0.37 | 0.00
0.6 0.18 | 0.72 | 0.98 | 0.11 | 0.00
0.7 0.65 | 1.00 | 0.47 | 0.00 | 0.00
0.8 0.88 | 0.77 | 0.11 | 0.00 | 0.00
0.9 1.00 | 0.04 | 0.00 | 0.00 | 0.00
1 1.00 | 0.01 | 0.00 | 0.00 | 0.00

In the next stage, the Gaussian membership function is fitted to this data in order to
determine the shape of membership function of each linguistic variable. This is easily
done by MATLAB 7.5 software. Fig. 5 shows the membership function of each linguistic
variable.

09 k-
0.8 i

0.7 Tt s R B e T

osf
Membership : : :
degree DE";‘ e TE TN

03
B e e

(B 1 1] O AT

ok

Importance range

Fig. 5. Fitted functions to each linguistic variable

The statistical information of the fitted functions to each derived data is presented in
Table 4.

Table 4

Statistical information of the fitted functions
Linguistic variable | Function | SSE | R-square | RMSE | Adj.R-sq. | Mean | Sigma
Very high Gaussian | 0.015 0.992 0.040 0.991 0.88 0.15
High Gaussian | 0.019 0.986 0.046 0.985 0.69 0.13
Middle Gaussian | 0.018 0.989 0.045 0.988 0.54 0.13
Low Gaussian | 0.011 0.993 0.035 0.992 0.32 0.13
Very low Gaussian | 0.014 0.992 0.039 0.991 0.1 0.15

In Table 4, SSE is the sum of squares due to error, R-square is coefficient of determi-
nation, RMSE is the root mean squared errors (standard error), Adj. R-square is adjusted
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coefficient of determination, and Sigma is the standard deviation of the fitted function to
the data. Considering these results and Adj.R-square, which is above 0.9 in all functions,
it can be concluded that the fitted functions to data are appropriate and can be used as
the basis of defining linguistic variables in this study.

Since in the fuzzy sets with Gaussian membership function, the interval +¢ from the
mean is considered for investigation of function behavior [37], it is possible to draw the
figure of membership function of each linguistic term using the information presented in
Table 4, so that the linguistic variables used for determining the importance of criteria are
defined as Fig. 6. It is clear that because terms are placed in the upper and lower limit of
importance range of the criteria, the ranges Mean — 30 and Mean + 30 are respectively
used for defining terms very high and very low in the fuzzy definitions, and values lower
or higher than mean will have the membership degree of 1.

Membership
degree

1 K 1 £ Zad 1 1 : N
1] 0.1 0.2 0:3 0.4 0.5 0.6 0.7 0.8 0.9 1
Importance range

Fig. 6. Linguistic variables for determining the importance of criteria

Note 1: with regard to the method suggested in this paper for integrating the views of
decision makers, what is important is the interval defined or the upper and lower limit of
each linguistic term to obtain the intersection among the views. Thus the slope of these
curves are not of much importance in this study.

3.2.2 Determining the weight range of each criterion

After assigning weights to criteria selected by each decision-maker, the obtained views
must be integrated and a single view agreed upon by all decision makers must be an-
nounced. Since in AR method, the weight assigned by the decision maker to each crite-
rion is added as a numerical interval to classical DEA model, and at the same time, fuzzy
linguistic variables are used for specifying criteria weights in this model, the concept of
intersection in fuzzy numbers can be used for integrating the views of decision makers and
deriving their acceptable range. In fact, intersection among the views of decision makers
which is usually used as a range in fuzzy numbers can be regarded as the common and
agreed upon view of all decision makers and used as the output of group decision making
for specifying the weight of each criterion.

For this purpose, the upper and lower limit of each defined linguistic variable presented
in Table 5 can be used to extract the intersection of views.
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Table 5

The Upper and Lower Limits of Linguistic Variables
Linguistic variable | Very low | Low | Middle | High | Very high

Upper limit 0.55 0.71 0.93 1.00 1.00
Lower limit 0 0 0.15 0.30 0.43

Based on what was mentioned above and definition of the given linguistic variables, the
intersection of views can be easily calculated. Part of the intersection between decision-
makers’ views are presented in Table 6 as a sample.

Table 6
Sample of the range of weights based on the intersection of decision makers’ views
Decision maker’s views Intersection of views
Very low Low | Middle | High | Very high
v [0.00 , 0.55]
v v [0.00 , 0.55]
v v v [0.15 , 0.55]
v [0.00 , 0.71]
v v [0.15 , 0.71]
v v v [0.30 , 0.71]
v [0.15, 0.93]
v v [0.30 , 0.93]
v v v [0.43 , 0.93]
v [0.30 , 1.00]
v v [0.43 , 1.00]
v [0.43 , 1.00]

For instance, if each decision maker assigns a specific weight according to Table 7 to
hypothetical criterion of Cy , the final weight range of Cy would be [0, 0.55].

Table 7

An example of determining intersection of decision makers’ views

Criterion | Very low | low | Middle | High | Very high | Intersection of views
View of decision maker 1 v
View of decision maker 2 v
View of decision maker 3 Ch v [0 s 0.55]
View of decision maker 4 v

Finally, at the end of this stage, the range of weights related to each of the selected
criteria is determined and considered as the input of AR model through DEA technique.

3.3 Evaluating suppliers and determining their relative efficiency

After specifying the weight range of each selected criteria, these ranges are incorporated
into DEA model as a restriction. In this study, assuming constant returns to scale and due
to the improvement of efficiency of inefficient suppliers by decreasing inputs (e.g. reducing
prices and reducing percentage of rejected items supplied by the suppliers), model (2.7)
is utilized. As mentioned before, this method of controlling weights in DEA technique is
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called AR model.

3.4 Ranking suppliers having tie in their relative efficiencies

If the relative efficiency of more than one supplier equals 1, the suppliers must be ranked
in order to discriminate the best and most appropriate supplier. In this case, the best
supplier will be selected on the basis of 11-norm method explained before.

3.5 Reviewing the weights of criteria and re-evaluating the suppliers

If the discrepancy of decision makers’ views in the third step of the proposed approach
regarding assigning weights to each of the selected criteria is so high that the intersection
range obtained is very small, then incorporating weight control restrictions to CCR model
will cause the problem of infeasible solution. In this case, the present step is activated.

At this stage, the factor contributing to the problem is systematically analyzed and
removed. The mechanism of this process is analyzing the obtained information and re-
defining the range of common views. This means that after identifying the contradictions,
the issue is investigated through interaction with decision makers and after obviating the
contradictions, the weight range of each criterion is re-specified and is incorporated into
CCR model to provide the problem with optimal solution.

4 Numerical example

Data used in this section is taken from Weber et al. [41]. The factory under inves-
tigation is one of the sub-branches of Fortune 500 Pharmacy Company which uses JIT
system in its production lines. Hence, each of the criteria of price, quality, deliver, and
capacity are considered as important criteria in the evaluation of the suppliers of the orga-
nization. Table 8 summarizes the information on the 6 suppliers discussed in this example.

Table 8

Information of the selected criteria in evaluation of suppliers
Criteria Suppliers

1 2 3 4 5 6

Unit pricel 0.1958 0.1881 0.2204 0.2081 0.2118 0.2096
Percent of rejected materials | 1.2 0.8 0 2.1 2.3 1.2
Percent of on time delivery 95 93 100 100 97 96
Supplier capacity 2,400,000 | 360,000 | 2,783,000 | 3,000,000 | 2,966,000 | 2,500,000

1. Price is considered as the unit price.

Step 1: Specifying important criteria for supplier selection

As it can be seen in Table 8, the problem involves 4 criteria for the evaluation and
selection of the best supplier. The criterion of price is measured by the unit price of goods
purchased by the company. The criterion of quality is measured by the percentage of
rejected items. The criterion of capacity is also measured on the basis of annual production
volume of each supplier and the criterion of on time delivery is measured via late delivery
of purchased items. The formula is presented in the following equation:

Percent of on time delivery = 1 — (Percent of late delivery)
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Nevertheless, to incorporate these data into CCR model, they must be homogenous with
the data obtained from the weights assigned by each decision maker. Thus, data related
to each criterion presented in Table 8 is normalized via equation (3.2.1). The results of
these calculations are presented in Table 9.

Table 9

Normalized data of the criteria of supplier selection problem
Criteria Suppliers

1 2 3 4 5 6

Unit price 0.8884 | 0.8534 | 1 0.9442 | 0.961 | 0.951
Percent of rejected materials | 0.522 | 0.348 | 0 0913 |1 0.522
Percent of on time delivery 0.95 0.93 1 1 0.97 | 0.96
Supplier capacity 0.8 0.12 0.928 | 1 0.989 | 0.833

Step 2: Deriving the Criteria Weights

In order to measure and evaluate the importance of the criteria, the opinions of 5 decision
makers (DMy, DMy, ..., DM;s) were surveyed. Each of these DMs assigns importance
weights to each criterion according to linguistic weighing variables indicated in Figure 6.
The weight importance of each criterion, assigned by each decision maker, is shown in
Table 10.

Table 10
Weights assigned for criteria by the decision makers
Decision makers
DM, | DMy DM; DM, | DMs5
Criteria | Unit price VH H H VH H
Percent of rejected materials H VH VH VH H
Percent of on time delivery M H H H M
Supplier capacity M H M M L

Now, the intersection of views of DMs as the output of decision making group can be
derived using Tables 5 and 6.

The intervals of the final weights of each criterion which is a numerical interval [a, b],
are presented in Table 11.

Table 11

Determination of the final weight of each criterion
Criteria Category | VL | L | M | H | VH | Final interval
Unit price Input 1 v | v | [0.43, 1.00]
Percent of rejected materials | Input 2 v | v | [0.43, 1.00]
Percent of on time dedelivery | Output 1 e [0.30 , 0.93]
Supplier capacity Output 2 VIVIY [0.30 , 0.71]

Step 3: Evaluation of the suppliers by their relative efficiencies

The criteria are classified into two categories, i.e. inputs and outputs. Each of the
input and output factors is introduced in Table 11. According to this table, inputs and
outputs and each weigh restriction of the criteria were incorporated into model (2.7).
Model (2.7) was solved using LINDO 6.1. Software and the relative efficiency of each of
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the 6 suppliers were calculated. The results are presented in Table 12.

Table 12
Results of model (2.7)

Relative efficiency | Output 1 | Output 2 | Input 1 | Input 2
Supplier 1 0.8048 0.5945 0.3 0.8729 0.43
Supplier 2 0.7037 0.7180 0.3 0.9964 0.43
Supplier 3 1 0.7216 0.3 1 0.43
Supplier 4 0.6699 0.3 0.3699 0.6433 0.43
Supplier 5 0.6034 0.3 0.3158 0.5931 0.43
Supplier 6 0.7655 0.5371 0.3 0.8154 0.43

As it can be seen in Table 12, supplier 3 with the relative efficiency of 1 can be con-
sidered as the optimal choice. Also, all weights considered by the model are within the
acceptable range of the decision makers.

If AR method is not used in this model, 4 out of 6 suppliers will have relative efficiency
of 1 which can present challenges to decision making. Meanwhile, the weight of some cri-
teria might be zero or more than 1 which is illogical and is not acceptable for decision
makers. Table 13 presents these results.

Table 13
The results of CCR model

Relative efficiency | Output 1 | Output 2 | Input 1 | Input 2
Supplier 1 1 1.0066 0.0545 1.0573 | 0.1162
Supplier 2 1 1.0752 0 1.0752 | 0.2366
Supplier 3 1 0.7755 0.2418 1 0.0801
Supplier 4 1 0 1 0.928 0.1355
Supplier 5 0.9717 0 0.9825 1.040 0
Supplier 6 0.9528 0.7811 0.2436 1.0071 | 0.0807

5 Conclusions

In this paper, fuzzy group decision making techniques and DEA were utilized for solving
the problem of supplier selection and a hybrid system was proposed accordingly. For this
purpose, group decision making technique, using fuzzy linguistic data and the concept of
intersection in fuzzy numbers was for integrating the opinions of decision makers, so that
the weight of each criterion was determined within an interval.

Then, this interval was incorporated into DEA within the framework of absolute re-
strictions in order to calculate the relative efficiency of each of the suppliers through AR
method and the best and most appropriate one was selected from among them.

According to the results of numerical example, the proposed hybrid system is an ap-
propriate solution for selecting the best supplier.

The problem considered in this study is regarded as the first phase of research and
complementary studies in the future can be conducted on the basis of the present results.
Some of these future studies are as below:

e Similar studies can be conducted considering both cardinal and ordinal data in the
model.
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e In some cases, there is not sufficient intersection range to integrate the decision mak-
ers’ views using the concept of intersection in fuzzy linguistic variables. Therefore,
the proposed hybrid system will face infeasible solution. This problem can be the
topic of future studies.

e The aim of the proposed model of this study is selecting suppliers. It seems that this
model can be utilized in other areas such as technology selection, personnel selection,
etc.
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