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Abstract: Supply Chain Management (SCM) represents an example of a complex multi-stage system.
The SCM involves and connects different activities, from customer’s orders to received services, all with
the aim of satisfying customers. The evaluation of a particular SCM is a complex problem because of
the internally linked hierarchical activities and multiple entities. In this paper, the introduction of
a non-radial DEA (Data Envelopment Analysis) model for the evaluation of different components of
SCM, primarily in terms of sustainability, is the main contribution. However, in order to confirm the
novelty and benefits of this new model in the field of SCM, a literature review of past applications of
DEA-based models and methods are also presented. The non-radial DEA model was applied for
the selection and evaluation of the environmental efficiency of suppliers considering undesirable
inputs and outputs resulting in a better ranking of suppliers. Via perturbation of the data used,
behavior, as well as the benefits and weaknesses of the introduced model are presented through
sensitivity analysis.

Keywords: Supply Chain Management; Data Envelopment Analysis; Non-radial DEA model;
Supplier; Efficiency Evaluation; Environment

1. Introduction

A prerequisite for providing products and services of high quality at the lowest cost is the effective
management of the supply chain (SCM) [1].

The efficiency of the supply chain (SC) is significantly dependent on the coordination both across
firms and within firms because each part can influence the SC. When any of the parts lack co-ordination,
dramatic effects on the SC can result [2]. Therefore, measuring and monitoring the efficiency of the SC
represents one of the most important steps towards its improvement. The DEA method is one of the
most often used multi-criteria decision making (MCDM) methods for SC efficiency evaluation. This is
why the model used in this paper is based on it.

The DEA method originated from the work of Charnes et al. [3], originally applied in the
evaluation of relative efficiency of similar units when there are multiple inputs and outputs. It is
one of the most effective approaches in measuring the efficiency of a SC and its components [4].
After the first application of the DEA in the field of SCM, in the literature, various approaches were
presented [4]. The main reason for modifications of the DEA lies in the fact that the traditional DEA
models cannot be directly employed in the SC evaluation because they consider only inputs and
outputs. However, they must be modified in order to be able to include the intermediate products.
Moreover, in real applications within the production process, undesirable (bad) outputs can be
produced. A good example of such results, pointed out by Mahdiloo et al. [5], are suppliers’ carbon
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emissions. Mahdiloo et al. [5] highlighted that different DEA approaches that consider the undesirable
outputs, primarily for the evaluation of the green or sustainable SCM, have been developed and are
presented in the literature. However, a DEA model that, besides undesirable outputs, can evaluate
efficiency using some undesirable inputs is missing.

Because of the importance and complexity of the SC, as well as the possibility to include undesirable
inputs and outputs for the evaluation of different parts of the SC, the aim of this paper is to contribute
to the existing literature through the introduction of a non-radial DEA model for efficiency evaluation
either of different components of SCM or the whole of SCM. Consequently, the main contribution of
the paper is reflected in the introduction of a new DEA model for evaluation of SCM that considers also
undesirable outputs. The benefit of the introduced model is related to the possibility of consideration
of undesirable inputs as well as outputs simultaneously. With such a model, the evaluation of SCM
or their components in terms of sustainability would be possible. In order to check and confirm the
novelty of the proposed DEA model, a comprehensive literature review of past applications of the
DEA method in SCM and particular areas of SCM is presented. The applicability of the introduced
model is presented through the selection and evaluation of the environmental efficiency of suppliers
using data taken from Mahdiloo et al. [5]. No matter whether the data were reused from an existing
study, the aim was to provide an overview of the behavior of the proposed model and compare it with
other models using the same data as Mahdiloo et al. [5]. Because the data were reused from an existing
study, testing of data before applying the DEA model was not performed.

With the aim to present the novelty of this paper and to better describe the process of the
introduction of our model in the SC efficiency evaluation, a sequence of steps, represented in Figure 1,
were performed: (1) systematic literature research; (2) selection of the paper with the most appropriate
data set used; (3) the description of the non-radial DEA model itself; (4) the application of the non-radial
DEA model using the selected set of data and comparison of the results; and (5) sensitivity analysis of
the proposed model.

The following section describes the methodology of the literature review. Section 3 presents
the results of the literature review together with the classification of papers according to particular
evaluated areas of SCM. Section 4 presents the basics of the non-radial DEA model and its introduction
for the evaluation of particular areas of SCM. Within Section 5, the results of the proposed model and
sensitivity analysis of the model are presented. Section 6 discusses the methodology and obtained
results. Finally, in Section 7, we offer our conclusions, summarizing the literature review, presenting
the model, and suggesting future research.
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2. Previous Research

With the aim of confirmation of the novelty of the introduced non-radial DEA model, an overview
of papers related to the application of the DEA method to SCM was performed. During the review,
the only paper that reviews the application of DEA in SCM found was that of Soheilirad et al. [4],
but it only presents a review of literature published until 2016.

Methodology of Literature Review

The methodology of the literature review has been taken from papers written by Krmac and
Djorjević [6] and Djordjević et al. [7]. Accordingly, the literature review was conducted through
fundamental guidelines of the systematic literature review. Since ScienceDirect and Scopus represent
the two most important (and largest) scientific databases [6], a review of papers published in
peer-reviewed journals without limitation on the time period of publishing was performed. However,
in order to avoid bias regarding the top journals or the most cited ones, the literature review based on
meta-analysis was not conducted.

The review of open-access studies focused on titles, abstracts, and keywords for English-written
full-text free-available scientific journal papers, and was performed in December 2018.

The search of databases using keywords such as “Data Envelopment Analysis AND Supply
Chain”, “Data Envelopment Analysis AND Supply Chain Management”, and the variations of both
search strings where the abbreviations DEA, SC, and SCM were used, was performed in both databases.
Papers that presented an application of the DEA in the SCM field were taken over by first reading the
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title, keywords, and abstracts. After the initial reading, 222 papers were extracted. Further, after the
full-text reading of extracted papers, 109 were selected and considered relevant. Based on the review,
the selected papers were classified into main areas such as the evaluation of the SC, the evaluation
and the selection of suppliers, as well as the consideration of the SC and the evaluation of suppliers in
terms of sustainability. Also, for each of these categories, the application of DEA in combination with
other methods was presented. However, those papers that used the DEA method for analyzing more
than one aspect or where the DEA was combined with another method or methods were classified as
non-categorized. The overall search process is shown in Figure 2.
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3. Results of the Literature Review and Classification

In the literature, numerous papers that applied the DEA method in the area of SCM were found.
Within this paper, they were classified according to the purpose of the application of DEA and the
combinations of DEA with other techniques or approaches. Papers that did not fall into any of the
defined categories were classified as “non-categorized works”. The overall search process is shown in
Figure 2.
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3.1. Efficiency and Performance Evaluation of SC with the DEA Method

For the evaluation of SC performances, the DEA method has been extensively employed.
Previously, with the DEA method, only the initial inputs and final outputs to measure the efficiency
of SCs were used, while intermediate products were ignored. However, the application of the DEA
method for measuring the efficiency of the entire SC and all its components at all levels was recognized
in ref. [8]. The application of DEA for performance and efficiency evaluation of SCs is summarized in
Figure 3.
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The description of each paper was given true to the short description of the goal followed by
a DEA approach in the first square brackets and the reference in the second one. Because the state
of SC functioning can be to a large degree linked with the selection of the best suppliers, the papers
considering the methods, models and approaches of supplier evaluation and selection were separately
classified under the label “DEA in supplier evaluation and selection”. Over the years, several techniques
such as Analytic Hierarchical Process (AHP), Analytic Network Process (ANP), Linear Programming
(LP), Mathematical Programming, Multi-objective Programming, and DEA have been developed to
solve the problem efficiently [25]. The papers that considered the evaluation of suppliers using the
DEA technique can be also seen in Figure 3.

In order to improve some characteristics of the DEA in the evaluation of SCs and their parts,
DEA was also used in combination with other methods. Shafiee et al. [34] created a network DEA for
the evaluation of efficiency with a balanced scorecard (BSC) approach where the DEMATEL approach
was employed to obtain a network structure of four perspectives of BSC. Many other combinations for
the purpose of evaluation of the SC and its different parts were also used in the literature, and they are
summarized in Figure 3 as well under the label “Combination of DEA and other techniques”.

3.2. Application of DEA in the Evaluation of SC Parts

Papers that applied the DEA method in order to evaluate parts or components of SCs are presented
in Figure 4 under the label “DEA evaluation of SC components”.
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3.3. Application of DEA in SC Network Design

One of the areas of the SC where the DEA method was applied is the problem of SC network
design or selection of optimal network solutions. The group of papers that considers the application of
DEA in the SC network field is presented in Figure 4 under the label “DEA for SC network design”.

3.4. Evaluation of Information Sharing in SC with DEA

After the previous decade with developed information technology, every firm can now improve its
SC strategies with the aim to improve their performance of SCM through well-organized information
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sharing. In the literature, there are studies like papers written by Chen et al. [64] and Yu et al. [65],
that considered the effects of information sharing on the efficiency of SCs (see Figure 4).

3.5. Application of DEA in Sustainable SCM

Recently, in the literature, a lot of papers can be found regarding sustainable SCM (SSCM).
Papers that considered SSCM with DEA are summarized in Figure 5.
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SSCM is focused on the improvement of economic, social, and environmental performances at the
same time. Therefore, sustainable SCM evaluation has become a significant task for each organization.
As one of the methods, DEA was recognized as suitable for the evaluation of sustainable SCM [67].

According to ref. [79], in order to develop effective SC, supplier evaluation and selection plays
an important role. Within the developed approaches for supplier selection, the main goal was the
reduction of SC costs, while environmental criteria were neglected. Nevertheless, the developed
environmental criteria should include the comprehensive carbon footprint in the supplier’s selection
approaches i.e., consideration of the environmental impact of suppliers. Therefore, the authors of
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ref. [80] proposed an integrated buyer initiated approach for supplier selection that considers two
objectives: cost cutting and environmental efficiency. Other DEA approaches in evaluating the
sustainability of suppliers are presented in Figure 5 under the label “DEA in supplier evaluation and
selection”.

With the aim of improving previously used methods, Chen [78] introduced a structured
methodology for supplier selection and evaluation based on supply chain integration architecture.
Besides this paper, other papers that combine DEA with additional techniques for analysis of different
areas of SCs in terms of sustainability can be found in the literature. They are presented in Figure 5 and
group under the label “DEA and other methods in the evaluation of SC from a sustainability viewpoint”.

3.6. Non-Categorized Works

In order to provide a hybrid method for supplier selection, Sevkli et al. [97] used the DEAHP
method—the DEA method embedded into AHP methodology—because DEA still lacks a real application
case, in which its implications can be evaluated.

Risk evaluation models that also represent an example of tools for supplier selection between
the chance-constrained programming (CCP), multi-objective programming (MOP), and DEA were
considered by Wu and Olson [98]. Azadeh and Alem [99] presented three types of models for SC
risk and supplier selection under certainty, uncertainty and probabilistic conditions: DEA, Fuzzy
DEA, and Chance Constraint DEA. From these studies, it can be seen that DEA has been employed
in supplier selection. Further, a new approach also based on DEA, called DEA VaR (value-at-risk),
was developed by Wu and Olson [100] for the selection of vendors in enterprise risk management.
Visani et al. in ref. [101] used a DEA approach in approximating supplier total cost of ownership.
Boudaghi and Saen [102] presented a novel model of data envelopment analysis–discriminant analysis
(DEA–DA) to predict group membership of suppliers in a sustainable SC context.

Based on the developed fuzzy network DEA model, Pournader et al. [103] evaluated risk resilience
of the overall SC and their individual tiers. The DEA method was also used by Azadeh et al. [104] for
analyzing the impact of macro-ergonomic factors in healthcare SC. Further, Amalnick and Saffar [24]
conducted an analysis of the impacts of resilience engineering and ergonomic factors in aerospace SC
using DEA.

Saranga and Moser [105] presented a comprehensive performance measurement framework using
the classical and two-stage Value Chain DEA models for estimating the performance of purchasing
and supply management. For measuring the performance of suppliers and manufacturers in SC
operations, Amirteimoori and Khoshandam [106] developed a DEA model within their study. A model
for performance assessment of an outsourcer’s processes in an SC comprised of several internal
and external entities was provided by Pournader et al. [107] based on the Slacks-based Measure
incorporated into a Hybrid Network DEA. Since a transportation system can be disrupted within the
SC, Azadeh et al. [108] designed and simulated an echelon SC in which the preferred scenario was
identified using fuzzy DEA.

The DEA method was also used in comparing different aspects. For example, Bayraktar et al. [109]
compared SCM and information system practices of small and medium-sized enterprises operating in
food products and beverages in Turkey and Bulgaria. Also, by combining the DEA method with other
methods, the analysis of SC was conducted. Jalalvand et al. [110] combined DEA and PROMETHEE II
as tools to compare SC at the process level, business stage level, and SC level.

4. The Proposal of a Non-Radial DEA Model in SC

Within this part of the paper, the non-radial DEA model M is introduced. The DEA method is
a linear programming-based method popularized by Charnes et al. [3] for efficiency evaluation. In the
literature, the DEA method has been applied for relative efficiency evaluation of the comparable set of
entities, called decision-making units (DMUs) with multiple inputs and outputs, i.e., DMUs that are
able to transform multiple inputs to multiple outputs. Based on the obtained results by the application
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of the DEA method, DMUs are classified as efficient or non-efficient. One of the advantages of the
DEA method is that it does not require any prior assumptions on underlying functional relationships
between inputs and outputs [7]. The mathematical formulation of the classical input oriented Charnes,
Cooper, and Rhodes (CCR) DEA model [111] can be written as:

minθ; s.t Xλ ≤ θxi, Yλ ≥ yi, λ ≥ 0,

under the assumption that there are n DMUs, m outputs and s inputs, where X and Y represent sets
of vectors of inputs and outputs, respectively. θ represents an indicator of technical efficiency where
θ ∈ [0, 1] and indicates how much evaluated entity could potentially reduce its input vector while
holding the output constant.

A Brief Description of the Non-Radial DEA Model

As can be seen from the CCR DEA model, as one of the classical DEA models, it is strongly related
to, and can be presented through, production theory, in which raw materials and resources are treated
as inputs, while products are treated as outputs in the production process [112]. However, in some
real applications, the production process may also use undesirable inputs and generate undesirable
outputs. However, a method for treating both undesirable inputs and outputs simultaneously in
non-radial DEA models has been introduced by Djordjević et al. [7]. One non-radial DEA model was
presented by Wu et al. [113] in the field of energy and environmental efficiency. In addition to the
advantages of the non-radial DEA model already described, this model was extended in ref. [7] for
the proposal of the evaluation of safety at railway-level crossings. Considering the ability of the DEA
method in efficiency evaluation and the advantages of the non-radial DEA model, the proposed model
M has been chosen for application and evaluation in SC.

The same model could be used in the SC for the evaluation of its different parts/components
“as the input” such as the selection of a supplier. Consequently, inputs can be considered as desirable.
However, each part of the SC can also represent/include primarily undesirable factors. Therefore, in the
paper of ref. [7], in order to allow for the simultaneous reduction of desirable inputs and to obtain
an accurate idea regarding the results of efficiency, the non-radial DEA model by authors of ref. [113]
was improved in the following way:

min Wn
1
N

L∑
l=1

θn + Wl
1
L

L∑
l=1

θl + W j
1
J

J∑
j=1

θ j

s. t.
K∑

k=1

λkxnk ≤ θnxn0, n = 1 . . .N (1)

K∑
k=1

λkelk ≤ θlel0, l = 1 . . . L (2)

K∑
k=1

λkymk ≥ ym0, n = 1 . . .M (3)

K∑
k=1

λku jk = θ ju j0, j = 1 . . . J (4)

λk ≥ 0, k = 1 . . .K (5)

(M)
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Under the assumption that there are K DMUs, each of them has n desirable and l undesirable inputs
in order to produce m desirable and j undesirable outputs, denoted respectively as x = (x1K, . . . , xnK),
e = (e1l, . . . , xLK), y = (ymK, . . . , ymK), u =

(
u1K, . . . , uJK

)
.

This non-radial model M could be projected for efficiency evaluation either of SC components or
whole SC. The non-radial model M proportionally decreases the number of undesirable inputs and
undesirable outputs as much as possible for the given level of desirable inputs and desirable outputs.
The optimal values of unified efficiency are in the interval between 0 and 1. An entity with a higher
value of efficiency has better efficiency compared to others. However, if an entity has an objective
function equal to 1 it means that the entity is the best, located at the frontier, and could not reduce
undesirable input and undesirable output. Such a non-radial model M could therefore be suitable
for efficiency evaluation of SC components or a whole SC in terms of sustainability or dimensions of
sustainability because it has a relatively strong discriminating power and the capability to expand
desirable outputs, simultaneously reducing undesirable outputs. Additionally, unified efficiency can
be calculated through decision-maker-specified weights (user-specified weights) assigned to each of
these three efficiency scores and depends on the preferences between undesirable inputs utilization and
undesirable outputs. However, as with any model, there are some risks related with the application of
the non-radial model M. First, because the unified efficiency depends on the selected user-specified
weights, the results can be subjective. Consequently, for example, the greater degree of weight for an
undesirable output implies the reduction of that output. A second risk of the model M is related to the
resultant inaccuracy if not all necessary variables (inputs and outputs) are included. The results of
unified efficiency can be inaccurate if the set of data is not comprehensive. The improved non-radial
DEA model M in this paper was applied through the evaluation of the environmental efficiency of
suppliers. The detailed description of these and other characteristics of the model M can be found in
Djordjević et al. [7].

5. Illustration of Application of the Non-Radial Model M—Numerical Example

In this part of the paper, the non-radial DEA model M was applied to the selection and evaluation
of the environmental efficiency of suppliers with the aim to present the applicability of the model M
within the SC field. Because the new and fresh data was missing, non-radial model M was applied on
data used in ref. [5] using the Excel Solver tool. However, the main advantages and purpose of the
reuse of data is the comparison of obtained results by different models on the same data. Because the
data were reused primarily in order to introduce and present the behavior of the model M, the testing
of these data before applying the model M was not performed. The data, inputs and outputs that
were used in the paper of Mahdiloo et al. [5] are presented in Table 1. Within the study written by
Mahdiloo et al. [5], the number of employees (N1) and energy consumption (L1) were considered
as inputs, sales, and return on assets (ROA); and environmental R&D investment were considered
as desirable outputs; and carbon dioxide (CO2) emission as undesirable output. However, for the
application of model M, energy consumption was used as an undesirable input.

The basic equation for the evaluation of environmental efficiency of suppliers (EES) of the model
M can be written as:

EES =
Desirable Outputs

Desirable inputs and Undesirable inputs and outputs
, (6)

where the goal function of the model M can be written as:

min

∑M
n=1 λkymk

Wn
1
N

∑L
l=1 θn + Wl

1
L
∑L

l=1 θl + W j
1
J
∑J

j=1 θ j
(7)

or, more simply as
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min
M1 + M2 + M3
1
3 N1 +

1
3 L1 +

1
3 J1

. (8)

Table 1. Dataset taken from Mahdiloo et al. [5] for application of model M.

Suppliers
Number of
Employees

(N1)

Energy Consumption
(kWh/year)

(L1)

Sales (1000
Korean Won)

(M1)

ROA
(M2)

Environmental R&D
Investment (100,000

Korean Won)
(M3)

CO2
(kg)
(J1)

1 1112 1267 119,477 0.04046 67 43,562
2 118 968 125,762 0.04499 65 45,000
3 458 1001 58,770 0.02221 57 42,400
4 416 1393 62,989 0.02920 62 43,734
5 413 1586 67,088 0.03269 50 44,890
6 430 1802 72,318 0.03116 36 42,913
7 426 1998 74,626 0.02184 47 39,438
8 452 1824 74,476 0.0348 44 40,078
9 503 1479 79,710 0.03976 47 39,500
10 498 1623 79,384 0.03723 89 45,023
11 192 1322 73,124 0.01269 256 41,324
12 171 831 62,529 0.00385 423 45,000
13 163 913 65,424 0.02776 508 42,400
14 161 893 71,027 0.04847 536 43,734
15 161 903 74,093 0.0514 570 44,890
16 162 778 72,830 0.04356 472 42,913
17 159 710 71,940 0.03932 426 39,438
18 157 695 82,203 0.02599 386 40,078
19 151 637 55,681 0.00001 376 39,500
20 151 781 64,839 0.02742 369 38,570

Comparison of the results of the application of three models, namely Model 2, Model 4, and Model
5, performed by ref. [5], with the results of the use of the introduced non-radial DEA model M on the
same data is presented in Table 2.

Table 2. Results of the efficiency from models 2, 4, and 5 presented in Mahdiloo et al. [5] and model M.

Suppliers Technical Efficiency
(Model 2)

Environmental
Efficiency (Model 4)

Eco-Efficiency
(Model 5) Model M

1 0.73 0.99 0.99 0.60
2 1.00 1.00 1.00 1.00
3 0.47 0.52 0.52 0.37
4 0.40 0.63 0.63 0.41
5 0.39 0.68 0.68 0.44
6 0.34 0.69 0.69 0.42
7 0.29 0.68 0.68 0.38
8 0.37 0.82 0.82 0.47
9 0.50 0.93 0.93 0.56

10 0.44 0.78 0.78 0.48
11 0.55 0.80 0.80 0.62
12 0.83 0.79 0.83 0.80
13 0.88 0.94 0.94 0.90
14 0.96 0.98 0.98 0.96
15 1.00 1.00 1.00 1.00
16 1.00 0.95 1.00 0.97
17 1.00 0.99 1.00 0.98
18 1.00 1.00 1.00 1.00
19 0.96 0.80 0.96 0.85
20 0.84 0.89 0.89 0.89

Unified efficiency of the model M was obtained based on the same weights for desirable input,
undesirable input and output. The same weights, i.e., 1/3, were selected for both desirable and
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undesirable inputs, as well as undesirable output with the aim to reduce the subjective bias. Using the
Excel Solver tool, the results of the non-radial model M were obtained. From Table 2, it can be seen
that for Model 2, the suppliers 2, 15, 16, 17, and 18 were rated as the most efficient. Next were 13,
14, 19, and 20. Regarding Model 4, the most efficient suppliers were 2, 15, and 18, while a greater
number of suppliers have efficiency near to 1 compared to Model 2. The most efficient suppliers with
Model 5 were the same as Model 2. Comparing the results obtained by different models, it can be seen
that regarding the environmental efficiency of suppliers, Model M gave similar results to those of
Model 4. Hence, suppliers that were rated as efficient within Model 4 were efficient also within Model
M. The inefficiency of suppliers obtained by Model 4 was also the same with Model M. The main
difference between these two models is the efficiency score. Efficiency scores obtained by Model M for
each supplier are lower than efficiency scores obtained by Model 4. The main reason for this lies in the
relatively strong discriminating power of model M.

Validation of Non-Radial DEA Model M

The sensitivity analysis of the non-radial DEA model M was performed with the aim to check
its validity. It was conducted on data from Mahdiloo et al. [5] as shown in Table 2 using the Excel
Solver tool. The main aim of the validation of model M and, therefore, of the sensitivity analysis,
was the consideration of the model’s behavior. So, the data used has no influence on the sensitivity
analysis. The sensitivity analysis was conducted in the same way as in Djordjević et al. [7]. Realization
of the sensitivity analysis of non-radial model M is presented in Table 3. The process of sensitivity
analysis was conducted based on the certain percentages of perturbation of used data, i.e., 2%, 5%
and 10% until the status of at least one supplier was changed [7]. Sensitivity analysis was presented
through three cases. In Case 1, both desirable and undesirable inputs, as well as undesirable output,
were improved for suppliers with efficiency 1 and worsened for suppliers with efficiency under 1.
Within Case 2, perturbation of the data was focused on the increment of undesirable inputs and output
for suppliers with efficiency 1 and reduction for those with lower efficiency, while desirable input
was fixed. Then, the behavior of model M was checked through Case 3 where desirable outputs were
decreased and desirable input increased for suppliers with efficiency 1, and vice versa for inefficient
suppliers. For each case, after the data changing model M was solved using Excel Solver. Results of
three cases of the sensitivity analysis are presented in Table 3.

Table 3. Results of Sensitivity Analysis of non-radial DEA model M.

Suppliers Case 1 (C1) Case 2 (C2) Case 3 (C3) Remarks 1

2% 5% 10% 2% 5% 10% 2% 5% 10% 2% 5% 10%

1 0.63 0.67 0.74 0.63 0.66 0.73 0.63 0.67 0.75 C1=C2=C3 C1>C2<C3 C3>C1<C2
2 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 C1=C2=C3 C1=C2=C3 C1=C2=C3
3 0.39 0.41 0.45 0.39 0.40 0.44 0.39 0.41 0.46 C1=C2=C3 C1>C2<C3 C3>C1>C2
4 0.43 0.45 0.47 0.43 0.44 0.46 0.43 0.45 0.48 C1=C2=C3 C1>C2<C3 C3>C1>C2
5 0.45 0.47 0.49 0.45 0.46 0.48 0.45 0.47 0.50 C1=C2=C3 C1>C2<C3 C3>C1>C2
6 0.43 0.45 0.48 0.43 0.45 0.47 0.43 0.45 0.49 C1=C2=C3 C1=C2=C3 C3>C1>C2
7 0.40 0.42 0.46 0.39 0.41 0.45 0.40 0.43 0.48 C1>C2<C3 C3>C1>C2 C3>C1>C2
8 0.49 0.51 0.53 0.49 0.50 0.53 0.49 0.51 0.54 C1=C2=C3 C1>C2<C3 C1<C3>C2
9 0.58 0.60 0.63 0.58 0.60 0.62 0.58 0.60 0.63 C1=C2=C3 C1=C2=C3 C1>C2<C3
10 0.50 0.52 0.55 0.50 0.51 0.54 0.50 0.52 0.55 C1=C2=C3 C1>C2<C3 C1>C2<C3
11 0.65 0.67 0.69 0.64 0.66 0.68 0.66 0.67 0.71 C3>C1>C2 C1>C2<C3 C3>C1>C2
12 0.83 0.83 0.83 0.82 0.83 0.83 0.83 0.83 0.83 C1>C2<C3 C1=C2=C3 C1=C2=C3
13 0.94 0.95 0.95 0.93 0.95 0.95 0.95 0.95 0.95 C3>C1<C2 C1=C2=C3 C1=C2=C3
14 1.00 1.00 1.00 0.99 1.00 1.00 1.00 1.00 1.00 C1>C2<C3 C1=C2=C3 C1=C2=C3
15 1.00 0.95 0.86 1.00 0.98 0.92 1.00 0.92 0.81 C1=C2=C3 C2>C1>C3 C2>C1>C3
16 1.00 1.00 1.00 0.99 1.00 1.00 1.00 1.00 1.00 C1=C2=C3 C1=C2=C3 C1=C2=C3
17 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 C1=C2=C3 C1=C2=C3 C1=C2=C3
18 1.00 0.97 0.89 1.00 0.99 0.94 1.00 0.94 0.84 C1=C2=C3 C2>C1>C3 C2>C1>C3
19 0.88 0.88 0.88 0.87 0.88 0.88 0.88 0.88 0.88 C1>C2<C3 C1=C2=C3 C1=C2=C3
20 0.88 0.88 0.89 0.87 0.88 0.89 0.88 0.88 0.89 C1>C2<C3 C1=C2=C3 C1=C2=C3
1 Remarks: Show the relationships between the results of the efficiency calculated for each supplier and for each
data perturbation through Cases 1, 2, and 3.
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For most suppliers with efficiency under 1, the score of efficiency was improved (see Table 3).
However, for some inefficient suppliers, the efficiency score was not significantly changed, such as,
for example, suppliers 12 and 13.

With increments in data for 5% and 10% in Case 1, the suppliers 15 and 18 became efficient,
while a score of efficiency was changed gradually for inefficient suppliers. In respect to Case 2,
the transformation of results can also be noticed with only a 5% decrement of undesirable input and
output for inefficient suppliers, which became efficient, such as suppliers 14 and 16, while the results
for some efficient suppliers were transformed to inefficient. In comparison with Case 1, the efficiency
and inefficiency of a large number of suppliers were changed. Such information tells us that the results
of the non-radial DEA model M probably depend on the undesirable input and output.

For Case 3, results have shown that inefficient suppliers became efficient with 5%
decrement/increment. Through comparison with Case 1, it can be concluded that some efficient
suppliers became inefficient with a change of desirable outputs and inputs. These results indicated that
the suppliers are more sensitive to the data of undesirable output and input (see Case 2). With the aim
of further changes from inefficient to efficient or vice versa, it is necessary to apply higher percentages
of data perturbations. Meanwhile, it should be pointed out that the efficiency for suppliers such as 2
and 17 are unchanged besides the percentages of data perturbations.

The comparison of the results of three cases is given in Table 3, in the column remarks. It was
conducted based on the percentage of data perturbation for each supplier. The results show that the
efficiency of a particular supplier was mainly unchanged, i.e., scores of efficiency were the same—in all
cases under the 2% of data perturbation. In the case of 5% of data perturbation, the efficiency in Case 2
was lower than those in Case 3 and 1, while it was mainly the same for Cases 1 and 3. Finally, for 10%
of data perturbation, the efficiency was mainly lower in Case 2 compared to Cases 3 and 1.

6. Discussion

As can be seen from the literature review, many studies have applied the DEA method for
efficiency evaluation in SCM. The main contribution of this research is related to the introduction of
the non-radial DEA model for efficiency evaluation of different components of SC. Applicability of the
introduced non-radial model M was presented through the evaluation and selection of suppliers using
the data from ref. [5]. The proposed tool, i.e., the non-radial model M, is relevant for the selection
and evaluation of suppliers. However, it can also be a good tool for considering best practices of all
components of SC in terms of sustainability because the model is able to measure efficiency while
considering undesirable inputs, as well as undesirable outputs, which appeared in real applications.

Through comparison of the results obtained by the non-radial DEA model M and models developed
by Mahdiloo et al. [5] (see Table 2), it can be seen that model M has similar results, i.e., the closest
results in terms of efficiency score to Model 2. However, regarding the efficiency and inefficiency of
suppliers, results of Model M are the most similar to those of Model 4. Further, the results for each
supplier of Model 2 were lower in comparison with other models. The main reason for this is the
higher discrimination power of model M.

Based on the results of model M, obtained using the Excel Solver tool, it can be said that this
model is more appropriate for efficiency evaluation. First of all, with the model M desirable inputs,
undesirable inputs and undesirable outputs are simultaneously reduced. Hence, model M can minimize
desirable inputs as well. However, in the case of the application of the non-radial model M without the
efficiency score θn and weight Wn in terms of desirable inputs, an unreal picture regarding the efficiency
can be presented. With model M, the consideration of environmental evaluation and selection of
supplier and other components of SC regarding sustainability is more precise, providing better relative
efficiency. Further, through the selection of the set of preference weights, the degree of desirability of
the adjustment of the input and output levels can be achieved. Therefore, the selection of the weight,
for example, for undesirable output, will affect the reduction of that output. Consequently, based on
their preferences and the goal of evaluation, decision makers should select weights carefully because
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the selection of weights can influence the results of model M. In this paper, all weights were selected to
be 1/3.

In our case, the environmental efficiency of suppliers was evaluated based on the data taken from
Mahdiloo et al. [5]. The suppliers with the greatest relative efficiency were 2, 15 and 18 (see Table 2).
Consequently, based on the model M and the results, it can be said that these suppliers for the given
level of Sales, ROA and Environmental R&D investment have minimum Energy consumption and
CO2, as well as Number of employees in comparison with other suppliers.

Through the consideration of results of the sensitivity analysis, it can be highlighted that model M is
valid. Nevertheless, model M is sensitive to data for a smaller transformation of data that causes reduced
stability of the model. The reason lies in the fact that model M has the effect of greater discrimination.
Then, the score of efficiency for some suppliers was unchanged, which can be linked to the fact that
model M evaluates suppliers, i.e., minimizes inputs for a given level of outputs. Consequently, besides
the transformation of data, the score of efficiency for particular suppliers was unchanged as these
suppliers have a lower level of desirable outputs in comparison with other suppliers. However, it can
be concluded that for a higher percentage of data transformations, the model M can present a picture
with higher changes of a score of efficiency. In the case of inaccurate data, the application of model M
can present an unrealistic picture regarding the best suppliers. The comparison, given in the column
remarks of Table 3, confirms these facts. The comparison was conducted based on the percentage
of data perturbation for each supplier. The results show that the efficiency of a particular supplier
was mainly unchanged, i.e., scores of efficiency were the same—in all cases under the 2% of data
perturbation. In the case of a higher percentage of data perturbation, the efficiency in Case 2 was lower
than those in Case 3 and Case 1. The obtained results, therefore, confirm that the behavior and results
of the model M can be affected by the accuracy of the data and the selection of inputs and outputs.

Nevertheless, the application of model M with an accurate date can show that the model could be
a good tool for supplier evaluation and other parts of SCs in terms of sustainability. Further details of
the weaknesses of the model M which can appear during supplier evaluation and selection can be
found in Djordjević et al. [7].

7. Conclusions

Through the literature review, various DEA models for evaluation within SCM have been shown.
However, just a few of them considered undesirable inputs, which are an inseparable part of real
production processes and applications, while consideration of undesirable outputs within DEA models
is still missing. Therefore, in order to improve the existing literature, the non-radial DEA model that
simultaneously considers undesirable inputs and outputs was proposed. Consequently, within the
paper, the introduction and presentation of a new DEA model for the evaluation of different components
of SCs, which is the main contribution of this paper, was presented. Applicability of the proposed
model was presented through the evaluation of the environmental efficiency of suppliers. In order
to confirm the novelty of the introduced non-radial model M within this paper, a comprehensive
literature review of the application of the DEA method in SCM was performed. Numerous papers
have applied quite a variety of DEA approaches in the field of SCM and its components. These papers
were categorized according to the purpose of application of the DEA method. Application of the
DEA method in combination with other methods in the field of SCM was presented as a separate
category. Finally, papers that used DEA as a part of a developed framework or method, as well as
for analyzing two or more aspects of SC, were grouped as non-categorized works. As can be seen,
a lot of papers were presented in the evaluation of SC performance and supplier selection in terms
of sustainability. Different modifications of the DEA method in SCM are therefore available in the
literature. Besides modifications of the DEA model, there are also papers that only considered some
inputs and outputs as undesirable factors.

However, it can be concluded that there are not many papers that have considered undesirable
factors in/within SCs that can appear in real applications. Some papers that included undesirable
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factors in the evaluation of SC or different parts of it were focused only on undesirable outputs.
Therefore, in this paper, we introduced a DEA model M that besides undesirable outputs can also
consider and evaluate undesirable inputs. The proposed new approach of a non-radial DEA model
M for the environmental evaluation of suppliers and other components of SC that is able to consider
desirable inputs in the goal function, all with appropriate weights, was presented.

With the introduced non-radial model M, a better picture in terms of a score of efficiency can be
achieved. Application of model M has been presented based on the data taken from Mahdiloo et al. [5].
Results of the model M, obtained using Excel Solver tool, and results obtained by models applied
in Mahdiloo et al. [5], are presented in Table 2. Because the data were reused primarily in order to
introduce and present the behavior of model M, testing of these data before applying model M was not
performed. From Table 2, it can be seen that for Model 2, the suppliers 2, 15, 16, 17, and 18 were rated
as most efficient. For Model 4, the most efficient suppliers were 2, 15, and 18, while the most efficient
suppliers within Model 5 were the same as within Model 2. Comparing the results of different models,
it can be seen that the model M yielded similar results for environmental efficiency of suppliers as
Model 4. The picture regarding the inefficiency of suppliers is the same. The main difference between
the model M and other models is in efficiency score, i.e., in the case of the model M, it is lower than in
the case of other models. Considering these results, it can be concluded that model M provides more
precise results because of the higher discriminatory power.

In order to check the behavior of the model M, using the same data as in Mahdiloo et al. [5],
sensitivity analysis was performed using the Excel Solver tool, conducted through three Cases under
a certain percentage of data perturbation (2%, 5% and 10%). The results of the sensitivity analysis
are presented in Table 3. In Case 1, both desirable and undesirable inputs, as well as undesirable
outputs, were improved for suppliers with efficiency 1 and worsened for suppliers with efficiency
under 1. Within Case 2, the perturbation of the data was focused on the increment of undesirable
inputs and outputs for suppliers with efficiency 1 and on the reduction for those with lower efficiency,
while desirable input was fixed. Then, the behavior of model M was checked through Case 3 where
desirable outputs were decreased and desirable input increased for suppliers with efficiency 1, and vice
versa for inefficient suppliers. Based on the results obtained through the sensitivity analysis, it can
be concluded that for most suppliers with efficiency under 1, the score of efficiency was improved.
However, for some inefficient suppliers, the efficiency score was not significantly changed; such as,
for example, suppliers 12 and 13. Through the comparison of efficiency for a particular supplier,
comparing data of different perturbations (Table 3), it can be seen that efficiency was mainly the same
in all Cases under the 2% of data perturbation. However, with 5% of data perturbation, the efficiency
for each supplier was lower in Case 2 compared to Case 3 and Case 1, while efficiency was mainly the
same for Case 3 and Case 1. In addition, regarding 10% of data perturbation, it can be seen that the
efficiency of suppliers was mainly lower in Case 2 compared to Case 3 and Case 1.

Model M was taken from Wu et al. [113] and then improved and applied in Djordjević et al. [7].
The comprehensive observation was that efficiency obtained by non-radial DEA model M from
ref. [7] was different from the model developed in ref. [113] and that model M gives better efficiency
because of the involvement of efficiency score θn with weight Wn in the model. The main reason for
different results in comparison with results in ref. [113] and in ref. [5] lies in the fact that model M can
simultaneously reduce desirable inputs. Through the application of model M for the evaluation of SC,
a better picture regarding relative efficiency can be given because the model is more representative
and strict. The proposed model M can, therefore, be a good tool for efficiency evaluation of SCs and
identification of best practices.

Specifically, the model M is able to measure the efficiency of some components of an SC such as
supplier selection and comparison of efficiency between SCs on different (micro and macro) levels
over time.

Further, one of the major advantages of the proposed model M are weights that can be assigned to
desirable and undesirable inputs and outputs. Through the application of particular weights for inputs
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and outputs, the level of desirability can be determined, which influences reduction or improvement
effects of inputs or outputs. Regarding that, one of the important steps in the non-radial model
M should be the careful selection of weights, relying on the preferences of DM and the aim of the
evaluation. Based on their degree, they can influence the results of the non-radial DEA model M.
Considering the results of the sensitivity analysis of model M presented in Table 3, it can be concluded
that the model is valid. However, results of sensitivity analysis also illustrate reduced stability under
smaller data transformation.

Bearing in the mind the overview of literature related to the application of the DEA approach
in SCM and the introduced non-radial DEA model M, future work can be conducted. For instance,
the model M may be applied for the evaluation of components of SC such as supplier selection using
experimental or real data. Further, the non-radial DEA model can be also applied to the specific
companies within the EU countries or the US. Funding of the best practices among companies and
comparisons of between companies or countries can also be realized with model M. In the future, model
M can be extended also for the evaluation of whole SC through the inclusion of intermediate variables.
Besides the environmental efficiency model M can be applied for measuring other components or
whole SC from the perspective of dimensions of sustainability such as economic and social. Moreover,
combination and application of DEA with other economic measures such as ROE (Return on Equity)
and ROA (Return on Assets) for the purposes of evaluation in SCM in terms of different views of
sustainability can be one of the future tasks.
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