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Abstract— This study introduces a framework for decision making about the vendor selection problem. This framework is capable 
to cover the crisp, stochastic, and uncertainty conditions in the supply chain environment. The proposed framework includes of 
Monte Carlo simulation analysis of three types of vendor selection models in the supply chain and presents a decision making plan 
for choosing the appropriate model for the supplier selection under special conditions as stated above. These three models are Data 
Envelopment Analysis (DEA), Fuzzy DEA (FDEA), and Chance Constraint DEA (CCDEA). In FDEA model, the α-cut method is 
used to convert FDEA into interval programming. Also, the CCDEA model in specified levels of probabilities is solved and is 
assumed that inputs are random variables. For more illustration, a case study is applied. Obtained results from each model is, 
average efficiency scores of DMUs, variance of efficiency scores, and 95% confidence interval for the average. 
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I. INTRODUCTION 
The Supplier selection is one of the most important 

functions performed by the purchasing department. The 
supplier selection is a multi-criterion problem, which 
includes both qualitative and quantitative factors. The 
relationship between a company and its supplier has always 
been critical and companies generally establish a set for 
evaluation criteria to be used to compare potential sources. 
The basic criteria typically utilized for this purpose are 
pricing structure, delivery product quality and service. 
Sometime these evaluation criteria are in conflict with one 
another. Supplier selection is a key supply management 
decision. For example, a tire manufacturer would be 
considered as a supplier to an automobile manufacturer. In 
this case, the tire supplier would view the automobile 
manufacturer as the “customer” [1]. There are several 
supplier selection methods in the literature. Some of these 
methods are: Analytical Hierarchical Process [2], Fuzzy 
Goal Programming [3], Fuzzy Programming Model [4] , 
Interpretive Structural Modeling [5], Particle Swarm 
Optimization [6], Simulation-Optimization Approach [7], 
intelligent model[8], Multiple Attribute Utility Approach 
(MAUT) [9]. Mathematical programming models often 

consider only the more quantitative criteria. Also, some 
different methods such as, Fuzzy Logic approaches [10-14, 
32], Analytical Hierarchy Process approaches [15-19], 
Multi-Objective Programming (MOP) [20-28], Mixed 
Integer Programming [33], Chance-Constrained and Genetic 
algorithm [29], Taguchi method [30, 31], Data Envelopment 
Analysis (DEA), Optimization Techniques (OP) [21], 
TOPSIS approach [22], Integrated Approach [23], Total Cost 
of Ownership approach (TCO) [16], Hybrid AHP [34] and 
etc. are existent. In this study, a DMU is defined as a 
supplier. Figure 1 shows a DMU structure in supply chain 
management [1]. 

DMU
(Vendor)

Inputs Output

 
Figure 1.  DMU Structure 

The decision making methodology of this paper is based 
on DEA, FDEA, and CCDEA model with Monte Carlo 
simulation approach for 200, 600, and 1500 runs. The main 
goal of simulation approach used in this study is using the 
achieved results from simulation runs for determines the 
mean and variance of efficiency score of DMUs and 95% 
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confidence interval of the mean. For illustrating the 
application of the proposed framework, we use this 
methodology for solving the vendor selection problem in the 
supply chain management. 

II. OBJECTIVES 
The objectives of this study are the use of the DEA, 

FDEA, and CCDEA methods with simulation approach for 
construct a decision making framework for taking a good 
decision in certainty, uncertainty, and probabilistic 
conditions. 

III. DECISION MAKING FRAMEWORK 
An appropriate model must be selected for estimating the 

efficiency of vendors in the supply chain according to the 
provisions of the problem. In this study, a decision making 
framework is introduced which help the analysts to make a 
good decision about the vendor selection problem in various 
provisions. This framework is based on Data Envelopment 
Analysis (DEA) method and two extension model of DEA 
such as Fuzzy DEA (FDEA) and Chance Constrained DEA 
(CCDEA). This decision framework covers the crisp, 
stochastic, and uncertainty conditions. The crisp conditions 
are modeling by the DEA; stochastic conditions are 
modeling by the CCDEA and uncertainty conditions 
modeling by the FDEA method.  

Before of representation of our methodology for decision 
making about the supplier selection problem in the supply 
chain management, we should describe the used models in 
our methodology. These models are the DEA, FDEA, and 
CCDEA with random inputs and outputs. 

A. Data Envelopment Analysis 
Data Envelopment Analysis (DEA) introduced by 

Charnes, Cooper and Rhodes [35] is a method for evaluating 
the relative efficiency of comparable entities referred to as 
Decision Making Units (DMU). The DMUs are 
characterized by several inputs and outputs. Assume there 
are n DMUs, each with m inputs and s outputs. The relative 
efficiency score of a test DMU p is obtained by solving the 
following model proposed by Charnes et al. [35]: 
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The nonlinear program shown as (1) can be converted to 

a linear program as shown in equation 2. 
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Where k = 1 to s, j = 1 to m, i = 1 to n, yki is the amount 

of output k produced by DMUi, xji is the amount of input j 
utilized by DMUj, vk is the weight given to input k, and uk is 
the weight given to output j. 

We should run the program (2), n-times to calculate the 
efficiency of n DMUs. In general, a DMU is considered as 
efficient if it obtains a score of 1. While, a score of less than 
1 implies that the corresponding DMU is inefficient. 

B. Fuzzy Data Envelopment Analysis (FDEA) 
Evaluating the performance of one decision making unit 

(DMU) by traditional data envelopment analysis (DEA) 
models requires the crisp input/output data. However, in real-
world problems inputs and outputs are often imprecise. The 
FDEA model is a model which deals with the imprecise data. 
There are different types of fuzzy numbers, but triangular 
fuzzy numbers are common to use, so that we consider the 
inputs and outputs of DMUs as triangular fuzzy numbers. 
The CCR model with fuzzy data can be written as (3). 
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Where, ‘~’ indicate the fuzziness. If triangular fuzzy 

numbers indicate by ( , , )m l u
ij ij ij ijx x x x=%  and 

( , , )m l u
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The basic idea is to transform the fuzzy CCR model into a 
crisp linear programming problem by applying an alternative 
α-cut approach. With considering our method, the model 
converts into two models. The first model gives an upper 
bound of efficiency and the second model gives lower bound 
of efficiency. The maximum efficiency occurs when input 
items’ values equal to its minimum values and the output 
items’ values equal to its maximum values. Also, the 
minimum efficiency occurs when input items’ values equal 
to its maximum value and the output items values equal to its 
minimum values. These two models are (5) and (6): 
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C. Chance Constraint Data Envelopment Analysis 
(CCDEA) 
In this section, we illustrate a model that designed to 

extend DEA to the case of stochastic inputs and outputs. In 
this model, we assume that only inputs are random variables, 
therefore the CCDEA model is as follows: 

. .

Pr( )                          (7)

1

, 0

TMaxu y jp

s t
T Tu Y v Xj j

Tv X j
T Tu v

β≤ ≥

=

≥

 

 
Proof. 1( )T Tv X u Yj j jϕ β σ−− ≥ is certainty equivalent to 

( )T TP u Y v Xj j β≤ ≥ . With attention to (7), we have: 

1 1

( ) ( )

( ) ( )

T T T T
j j j jT T

j j
j j

T T
j j T T

j j j
j

v X v X u Y v X
P v X u Y P

u Y v X
u Y v X

β
σ σ

φ β φ β σ
σ

− −

− + − +
− ≤ − = ≤ ≥

− +
≥ ⇒ − + ≥

 

When jσ  is the standard deviation of T
jv X  we have 

following equation. 
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Therefore, Chance Constraint DEA multiplier form is as 
(8). 
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Where: 

[ , ...., ]1
TX X Xj mjj= is the input vector from n DMUs, 

[ , ...., ]1
TY Y Yj mjj= is the output vector from n DMUs. Yj is 

the vector of mean values of output from the j-th DMU, 
X j is the vector of mean values of input from the j-th DMU, 

β is the probability level, is the standard deviation of 
Tv X j and 1( )φ β− is the fractile from the standard normal 

distribution at the probability level α. In the CCDEA a DMU 
might be β-stochastically efficient. 

 

 
Figure 2.  Frontier 

The CCDEA is based on stochastic data for inputs and 
outputs. By using chance constrained programming, we can 
achieve the efficient frontiers. We can assume two sides for 
efficient frontier such as the wrong side and the true side. By 
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using chance constrained programming some observed data 
located on the wrong side and eliminated from efficient 
vendors set. Figure 2 graphically express the concept of 
frontier. The true side is composed of all points located on 
the under frontier and the wrong side is composed of all 
points located on the upper frontier. 

D. Decision Making Flowchart 
Figure 3 shows the flowchart of the proposed decision 

framework. The methodology of this flowchart is as follows: 
After collection of data, it is checked for its status: crisp or 
non-crisp. After determining the data status, checked the 
value of β that shows the percent of the DMUs will produce 
output exceeding the best-practice level. The value of β 
divides to two classes: equal to 1, or not equal to 1. 

 

Start

Data Collection

CCDEAFDEA

End

DEAIs Data 
Crisp

β=1

 
Figure 3.  Decision Making Flowchart 

Based on this approach, we deal with three below 
condition: 
• If data are crisp, and β=1 (certainty condition), then use 

DEA method. 
• If data are crisp, and β≠1 (stochastic condition), then use 

CCDEA method. 
• If data are non-crisp, then use FDEA method. 

IV. CASE STUDY 
This case study involves a set of 10 suppliers each with 

expected costs, quality acceptance level, and on-time 
delivery distributions. We must choose the best suppliers. 
Table 1 provides data for the supply chain model vendors. 
Data given is means (standard deviation) [27]. 

According to the problem assumptions and conditions, 
we can use the DEA and CCDEA (β=0.25, β=0.5, β=0.75) 
model. As stated above, in β=0.5 the CCDEA model is equal 
to DEA model. This is in accordance with this fact that the 
ranking of suppliers by DEA must be similar to ranking of 
DMUs by CCDEA (β=0.5). Table 2 shows the ranking of 
suppliers with proposed decision making framework. 
Evidences confirm the both ranking of DMUs by DEA and 
CCDEA (β=0.5) models are completely similar and ranking 
of suppliers by CCDEA in β=0.25, β=0.5, and β=0.57 are 
consistent. 

TABLE I.  VENDORS INFORMATION 

Inputs of DMU 
Normal 

distribution 
Exponential 
distribution 

Lognormal 
distribution 

output 
of 

DMU DMU 

Unit cost Accept rate On-time rate Maximum
1 1.00 (0.01) 0.999 0.98 (0.03) 10000 
2 0.95 (0.02) 0.995 0.97 (0.03) 10000 
3 0.98 (0.03) 0.99 0.97 (0.03) 9000 
4 1.03 (0.01) 0.98 0.98 (0.03) 8000 
5 1.05 (0.05) 0.97 0.96 (0.03) 8000 
6 1.10 (0.03) 0.95 0.97 (0.03) 7000 
7 0.75 (0.05) 0.98 0.90 (0.03) 10000 
8 0.60 (0.06) 0.95 0.88 (0.03) 8000 
9 0.55 (0.07) 0.90 0.86 (0.03) 6000 
10 0.50 (0.08) 0.80 0.85 (0.03) 4000 

 
In accordance with the result of DEA model, V7 is the 

best supplier. The CCDEA (β=0.5) and CCDEA (β=0.75) 
also recognize V7 as the best supplier. V6 in DEA, CCDEA 
(β=0.5) and CCDEA (β=0.75) is recognized as the worst 
supplier. 

TABLE II.  RANKING OF DMUS 

Supplier 1 2 3 4 5 6 7 8 9 10
Applied model Rank 
DEA 4 3 6 9 8 10 1 2 7 5 
CCDEA(β=0.5) 4 3 6 9 8 10 1 2 7 5 
CCDEA(β=0.25) 4 3 5 8 7 9 2 6 10 1 
CCDEA(β=0.75) 4 3 6 8 7 10 1 5 9 2 

V. CONCLUSION 
In this study, a decision making framework based on the 

DEA, FDEA, and CCDEA is represented for selecting the 
best supplier according to the problem conditions. This 
framework was capable to help the analysts to select the best 
supplier. This proposed framework covers certainty, 
uncertainty, and probabilistic conditions. The methodology 
of this framework was as follows: when data are crisp, and 
β=1, we used DEA model. On the other hand, when data are 
non-crisp, we used the FDEA model. Finally, when data are 
crisp and β≠1, we used the CCDEA model for the supplier 
selection. In the section 3.3 stated that CCDEA model in β
=0.5 is equal to DEA. For illustrating the application of the 
proposed framework, a case study is represented. According 
to the proposed framework for selecting the best supplier, we 
used the DEA and CCDEA (β=0.5) models. Derived 
evidence showed that the DEA and CCDEA (β=0.5) are 
equal. The ranking of suppliers based on the DEA and 
CCDEA (β=0.5) models were as follows: V7, V8, V2, V1, 
V10, V3, V9, V5, V4 and V6. The best supplier was V7 and 
the worst supplier was V10. Based on the CCDEA (β=0.75), 
V7 and V10 also were recognized as the best and worst 
supplier, respectively. For future study, we can extend the 
decision making flowchart for a special condition for dealing 
with both the uncertainty and stochastic conditions. 
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