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Abstract 

Effective performance evaluation for sustainable development is significantly important for determining the 

dynamic harmony and balance of environment, economy and society. Data envelopment analysis (DEA) has 

been widely applied in the field of sustainability evaluation modeling in recent years. In this study, the 

application of DEA in sustainable development field research is systematically reviewed. The entire framework 

of DEA in sustainable development research is constructed, and the characteristics of the research works are 

summarized. The principal characters used in previous studies are identified and compared, and then the 

methodological framework for deriving sustainable development indicators is introduced. Finally, from the two 

aspects of method and experience, this study summarizes some beneficial points of model selection. Based on 

this, the expectation of DEA method in the process of sustainable development is further discussed. 

Keywords: Data envelopment analysis (DEA), sustainable development, efficiency, environmental performance 

1. Introduction 

Since the World War II, emissions generated by human activities have already altered climate change. Biologists 

find that, over the past fifty years, the increasingly heavy loss of biodiversity has led to the earth’s a quarter of 

largest incidents of life destruction. In 1992, on the United Nations Earth Summit held in Rio de Janeiro, 

sustainable development (SD) was formally proposed as one of the most urgent subjects for international policy. 

SD is a widely used concept and it has become increasingly popular since the famous Brundtland Report, in 

which SD was defined as “development that meets current needs without prejudicing the ability of progeniture 

succeeding era to meet their own needs” (Becker & Mlligan, 1997). This definition took a comprehensive 

consideration from three aspects simultaneously: natural resources are recognized as the limited availability; 

intergenerational equity need is accepted; several social and spatial issues are summarized as intergenerational 

equity (Dong et al., 2016). As such, SD integrates understanding and acting on the complex interrelationships 

that exist among the environment, the economy, and society. This is not a balancing act or playing one issue 

against the other, but an acknowledgement of the correlation dependence character of these three pillars. Despite 

of the impressive amount of related scientific literature, when it comes to empirical research, SD remains a 

vague and elusive terminology.  

Among the extensive SD modeling techniques, many studies reported that data envelopment analysis (DEA), a 

non-parametric efficiency evaluation method, is an excellent approach to examining the sustainability 

performance of decision-making units (DMUs). Specifically, Callens and Tyteca (1999) briefly phrased why 

DEA can be used to assess sustainability, and pointed out that one of the necessary and inadequate steps to 

achieve sustainability was the efficiency of economic, social and environmental resources. Zhou et al. (2008) 

pointed that DEA is a special multi-criteria decision analysis (MCDA) method, which aims at evaluating the 

relative efficiency of all DMUs, rather than choosing specific action paths as traditional decision analysis does. 

However, with the increasing application of DEA in SD research, it is timely and meaningful to review and 

summarize the findings in this field. The main objective of this study is to fill this gap. 
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2. Basic DEA Model  

DEA model was firstly proposed by Charnes et al. (1978) to measure the efficiency and productivity of a group 

of peer DMUs. DEA efficiency is the ratio of the weighted sums of the outputs and the inputs, under the premise 

that efficiency unable to exceed the value of 1. As such, the DEA efficiency of a certain DMU will reduce when 

outputs decrease and/or inputs increase, and vice versa. Under the basic DEA framework, given a set of K units 

(DMU1, DMU2,…, DMUK), each producing M outputs from a set of N inputs. A certain unit DMUk consumes 

0nkx   of input n to produce 0mky   of output m. This problem can be further transformed into the famous 

CCR model as follows: 
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Where 
mu  and 

nv  are two vectors of weight that DMU0 uses to measure the relative importance of the 

consumed and the produced factors. Despite its liner form, studies usually use CCR in envelopment form to 

calculate the efficiency score (Zhu, 1996). In fact, the envelopment form is the dual model of (1), as follows: 
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Further considering the constraint set in the model (2): 
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(3) 

Where 
1 2( , , , )nx x x x   is the input vector, 

1 2( , , , )my y y y   is the output vector, 
kz  is a set of intensity 

variables representing the weighting of each observed DMUk in the composition of the efficient frontier, and T is 

defined as the reference technology. 

As was described by Sarkis and Talluri (2011), DEA has been used widely in various fields in the past decade 

and there are a large number of extensions. The representative studies listed in Table 1 have been collected. In 

the following sections, we mainly describe the characteristics of previous studies from the aspects of research 

type, method and application fields. 
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Table 1. Representative studies of DEA method in sustainable development field 

Publication 
Type 

of 
study 

Methodological aspect 

Application scheme 
Production possibility 

set 
Efficiency 
measure 

Model 
extension 

Joint 
with 

others Input Output RTS 

Abay et al. 
(2004) 

A S W C R MPI EM 
Assessment of 
sustainability at farm level 

Aldeseit 
(2013) 

A S S C+V R - - 
Farms sustainability 
assessment 

André et al. 
(2010) 

T+A S S C R - MCDM 
Agricultural economics and 
sustainability 

Arabi et al. 
(2014) 

T+A S W C SB ML - 
Eco-efficiency 
measurement 

Gutierrez et al. 
(2009) 

T+A S S V SB - LCA 
Eco-efficiency of electric 
and electronic appliances 

Battese & 
Coelli (1995) 

T S S C R - SFA 
Agricultural sustainability 
measurement 

Donghyun & 
Almas (2010) 

T+A S W C DDF ML - 
Environmentally sensitive 
productivity growth 
assessment 

Dong et al. 
(2016) 

T+A S S C R - LCA 
Assessing sustainability in 
agricultural sectors 

Egilmez & 
Park (2014) 

T+A S S V R SA LCA 
Sustainability measurement 
of manufacturing sector  

Egilmez et al. 
(2014) 

A S W C R - LCA 
Sustainability assessment of 
supply chain 

Ewert et al. 
(2005) 

A S W V R ML, SA - 
Measurement of economic, 
environmental and social 
sustainability in agricultural 

Gerdessen & 
Pascucci 
(2013) 

A S S C+V R - - 
Assessment of 
sustainability at farm level 

Gomes et al. 
(2009) 

T 
CCR extensions with 
undesirable outputs 
considered 

NR - - 
Assessment of 
sustainability at farm level 

Gutierrez & 
Lozano (2009)  

T+A S S C+V R - - 
Sustainability measurement 
of manufacturing sector 

Hoang & 
Alauddun 

(2012) 
T+A S S C+V R - - Agricultural sustainability 

Houshyar et al. 
(2012) 

T+A S S,W C SB MPI 
Multi 
fuzzy 

modeling 

Sustainable and efficient 
energy consumption of corn 
production 

Iribarren & 
Rowe (2013) 

T+A S W C SB - LCA 
Sustainability of product 
systems assessment 

Juo et al. 
(2015) 

T+A S W V NR ML - 
Productivity estimation 
with pollutions considered 

Khodakarami 
et al. (2015) 

T+A S W V NR, SB MPI - 
Assessment of 
sustainability supply chain 

Korhonen & 
Luptacik 
(2004) 

T+A 
CCR extensions with 
undesirable outputs 
considered 

DDF - - 
Eco-efficiency 
measurement 

Li (2010)  T+A S W C DDF PDA - 
CO2 emission performance 
assessment 

Louhichi et al. 
(2010)  

T+A S W C+V R, SB - 
AHP, 

MCDM 

Measurement of economic, 
environmental and social 
sustainability in agricultural 

Mahdiloo et al. 
(2015) 

T+A S W C R MPI MOLP 
Assessment of 
sustainability supply chain 

Senante et al. 
(2014) 

A S S V R MPI AHP 
Sustainable performance of 
wastewater treatment plants 

Senante et al. 
(2016) 

T+A S W V DDF, NR - - 
Eco-efficiency assessment 
of wastewater treatment 
plants 

Munksgaard et 
al. (2008) 

T+A S S C R - LCA Sustainable consumption 

Reig-Martinez A S W C R - MCDM Assessment of 
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et al. (2011) sustainability at farm level 

Reinharda et 
al. (2000) 

T+A S W V NR SA SFA 
Estimation of 
comprehensive 
environmental efficiency 

Sueyoshi & 
Wang (2014) 

T+A S W V R, NR - - 
Assessment of 
sustainability supply chain 

Sueyoshi & 
Yuan (2015) 

T+A S W C+V SB - - 
Regional sustainability and 
diversity 

Sueyoshi & 
Goto (2015) 

T+A S W C R MPI - 
Environmental assessment 
in time horizon 

Sueyoshi & 
Yuan (2016) 

T+A S W V SB - - 

Assessment of 
transformation marginal 
rate among production 
factors 

Sueyoshi et al. 
(2018) 

T+A S W C R, NR - MCDM 
Sector sustainability on 
fossil fuel power plants 

Tatari & 
Kucukvar 

(2012) 
T+A S S C R - LCA 

Measurement of 
sustainability performance 

Vandaele et al. 
(2013) 

A S S C+V R - - 
Sustainable R&D portfolio 
assessment 

Zanella et al. 
(2015) 

A S W V DDF ML - Cities' livability 

Zhou et al. 
(2007) 

T+A S W C NR MPI - 
Environmental 
sustainability measurement 

Zhu et al., 
(2014) 

A S W C R - - 
Assessment of the products 
eco-efficiency 

Note: T: theory; A: application; S: strong-disposable; W: weak-disposable; C: constant returns to scale; V: 

variant returns to scale; R: radial; NR: non-radial; SB: Slacks-based; DDF: directional distance function; MPI: 

Malmquist productivity index; ML: Malmquist-Luenberger productivity index; PDA: production decomposition 

analysis; SA: sensitive analysis; LCA: life cycle analysis; AHP: analytic hierarchy process; SFA: stochastic 

frontier analysis; MCDM: multi-criteria decision making. 

 

3. Methodological Development and Issues in SD 

The methodological development and issues in SD field can be broken down into three parts: the key elements of 

DEA model, the extensions of DEA model and the DEA model joint with other methodologies. Furthermore, the 

methodological development can be characterized by the reference technology, the efficiency measurement, the 

preference, the super efficiency DEA model and other DEA models. The extensions of DEA model includes 

Malmquist productivity index (MPI), Malmquist-Luenberger productivity index (ML), production 

decomposition analysis (PDA) and sensitive analysis (SA). According to the review, we also find that DEA 

model applied in SD usually combines with other methods such as life cycle analysis (LCA), analytic hierarchy 

process (AHP), stochastic frontier analysis (SFA) and multi-criteria decision making (MCDM). Fig. 1 generally 

presents the DEA model framework and the most widely used mode types in SD studies. 
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Figure 1. General framework of DEA model and methods in sustainable development studies 

 

3.1 Key Elements 

The methodology of DEA includes some key elements, and the specific DEA model form is determined by these 

key elements. Usually, the key elements applied in SD incorporate the follows: (1) production possibility set; (2) 

efficiency measurement; (3) preference; (4) super efficiency. The different combinations of these elements can 

form the various types of DEA models, with which to figure out different issues.  

3.1.1 Production Possibility Set 

Traditionally, in basic DEA model, the production possibility set satisfies that if ( , )x y T  and 'x x  (or 'y y ) 

then ( ', )x y T  (or ( , ')x y T ). Both inputs and outputs are denoted as freely or strongly disposable.  

Not surprisingly, as shown in Table 1, most representative studies that evaluate sustainability performance 

assume all the inputs are freely disposal. However, in the real production process, people can’t avoid the 

undesirable outputs. For example, energy consumption pulls up the economic increasing, meanwhile, the 

undesirable outputs such as the emission of CO2 and SO2 are always accompanied. As such, reducing 

undesirable outputs would likely to be costly. Therefore, using the freely disposability production possibility set 

is not appropriate. In order to overcome this issue, many methods are put forward. Of which, undesirable outputs 

(
1 2( , , , )ju u u u  ) weak disposability technology has been widely used (Zhou et al., 2008). The weak 

disposability production possibility set can be characterized as follows: 
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eT
 

could be regarded as a more realistic production technology due to the desirable and undesirable outputs are 

both considered simultaneously. Similarly, the case of inputs can also be generalized (Färe et al., 2001). As such, 

eT  has been greatly used in the SD field, especially in the situation like sustainability assessment, environmental 

performance measure, and environmental regulation impacts evaluation with undesirable pollutants 

consideration. This may explain why the majority of studies listed in Table 1 prefer to use 
eT  as production 

possibility set, such as Houshyar et al. (2012), Sueyoshi and Wang (2014), Sueyoshi and Gote (2015), and 



http://ibr.ccsenet.org     International Business Research                   Vol. 13, No. 11; 2020 

30 

 

Khodakarami et al. (2015). In these studies, the 
eT  technology is more attractive because of its theoretical 

property advantages and the better depiction of the real production process. However, there are still some 

exceptions such as Egilmez et al. (2013), Senante et al. (2014) and Dong et al. (2016) which do not take 

undesirable outputs into consideration. 

Returns to scale (RTS) is another major trait of the production possibility set. Generally, the traditional 

CCR-DEA model assumes the constant return to scale (CRS), however, if a constraint 
1

1
K

kk



  is added to T，

the model will change to permit dealing with variable scale efficiency (VRS). As such, model (2) will change 

from CCR to the BCC model. Meanwhile, it is also applicable to get the non-increasing returns to scale (NIRS) 

reference technology by adding the constant to T (Ramanathan, 2005). In general, previous discussions were 

mainly based on strong disposable production possibility set, while VRS conditions could be properly combined 

with weak disposable production possible set as well (Zhou et al., 2007). 

From the present literature listed in Table 1, we found that about a half of the studies in SD field assume the 

production possibility set as CRS, in spite of the VRS assumption might be more consistent with the actual 

production process (Ramanathan, 2005). The possible reason is that the CCR model has a better property than 

the BCC model, which is concretely embodied in the characteristic of the input-oriented radial efficiency is 

exactly the reciprocal of the output-oriented radial efficiency. As a result, under the CRS assumption, there will 

be no difference between input or output oriented DEA model. Furthermore, among the reviewed literature listed 

in Table 1, almost 17% of the studies were conducted under both the CRS and the VRS assumption. In this way, 

the scale efficiency of each DMU can be made further efforts on estimation. This method has been successfully 

applied by Pacudan and Guzman (2002) and Liu et al., (2017). 

3.1.2 Efficiency Measurement 

The efficiency of sustainable development measurements mainly includes input oriented, output oriented and 

undesirable output-oriented methods, and each one has its own advantages. In this study, we only introduce some 

widely used and representative methods in the study of SD. 

Radial efficiency measurement is the most widely used method in the DEA model, which can adjust the input 

(output) in a certain proportion (Andersen & Petersen, 1993). By combining radial efficiency measurement with 

different reference techniques, various DEA models can be obtained including BCC and CCR. If using 
eT  

and 

undesirable outputs efficiency to adjust the radial efficiency measurement, we will get a model as 

 0 0 0min : ( , , ) ex y u T   , which can be used to measure the sustainability of a certain DMU0. 

Non-radial efficiency measurement can help to adjust the different input (output) non-proportionally (Chen & 

Sherman, 2004). A widely used non-radial efficiency measurement is the Russell efficiency 
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where   is a vector consisting of 
1  to 

n  (Färe et al., 1994). When giving 

the weights for 
n  ( 1,2, , )n n , the reference structure of each DMU can be obtained simultaneously 

(Sueyoshi et al., 2017). Because of the high identify ability; researchers are willing to use the non-radial 

efficiency measurement. Specifically, some studies adopted both radial and non-radial measurements, which 

tried to avoid the methodological bias in empirical research.  

In addition to radial and non-radical efficiency measurements, slacks-based efficiency measurement is another 

way to measure DMU efficiency. Especially, the efficiency measurement on account of slack provides a more 

pragmatic index for evaluating environmental performance and has higher capacity of discernment (Hu & Kao, 

2007). This method can be directly modeled from the slacks in inputs (outputs), which is particularly useful in 

SD assessment.  

In some studies, from the practical application aspect, directional distance function (DDF) efficiency 

measurement may be more appropriate. For example, in the process of sustainability assessment, DDF efficiency 

measurement can provide a more reasonable productivity index when we need to take both ideal and 
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unsatisfactory outputs into consideration at the same time (Zanella et al., 2015). Additionally, in fact that the 

traditional radial efficiency method is another form for DDF (constrained by the specific direction); as such DDF 

is a more general concept.  

3.2 DEA Types 

3.2.1 Preference 

Preference is a kind of binary relations which builds upon the alterative offers, representing the scheme's 

strengths and weaknesses judged by decision makers. Preference can be divided into rational preference and 

irrational preference. Pareto preference is a kind of rational preference, which is commonly adopted in DEA 

models. This part will discuss some other DEA models with rational preference. 

The common method to bring in preference is to add appropriate weights restrictions into classical DEA models 

(CCR / BCC). Generally, weights restrictions are introduced through DEA models in multiplier form. Allen et al. 

(1997) pointed that weights restrictions can be primarily classified into four categories, as is shown in Table 2: (1) 

absolute weights restriction; (2) assurance regions of type I; (3) assurance regions of type II; (4) weight 

restrictions on virtual input and outputs. In addition, studies related to weights restrictions DEA model can be 

seen in Cook et al., (2005). 

 

Table 2. The classification of weights restrictions 

Type 
Weight restriction 

Weight restrictions on inputs Weight restrictions on outputs 

Absolute weights restriction i i i     
r r r     

Assurance regions of type I 
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1 1 2r r r r rw w       
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Note: ( , , , , , , , , , , , , ,i i r r i r i i r i i i r rk w            ) are pre-established constant. 

Charnes et al. (1989) proposed the cone ratio restriction DEA model when decision makers’ preference 

structure showed “cone preference”. The model can be defined as follows: 
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Where 
1 2 0( , , , , )nX x x x x    is a m n  matrix, 

1 2 0( , , , , )nY y y y y   is a s n  matrix, mV R , 

sU R  and  ,  Int V Int U   . 

Subsequently, Charnes et al., (1990) conducted a further research on the optimal solution of cone ratio restriction 

DEA model. In addition, there are some other DEA models containing rational preference, including average 

preference DEA, matrix preference DEA and lexicographical order preference DEA. 

In some cases, the preferred DEA model may be more suitable for SD practical applications. It is indicated that 

studies which conduct sustainability assessments tend to use preferred DEA models in Table 1. Examples of such 

studies include Reig-Martinez et al., (2011) and Khodakarami et al., (2015). The preference DEA model is to 

judge and weight the scheme’s strengths and weaknesses, which is consistent with the purpose of SD analysis. 

3.2.2 Super Efficiency 

DEA efficient and inefficient DMUs can be distinguished by the efficiency value, but the key problem is that 

they can’t rank the DEA efficient DMUs. During the process of efficiency evaluation, there are generally more 

than one DMUs on the production frontier simultaneously, these DMUs’ efficiency values all equal to unit. In 

order to compensate for it and evaluate the real DMUs' efficiency, Super-efficient DEA model has been designed. 

Super efficiency DEA is a kind of comprehensive efficiency measurement, which can go a step further 

differentiate relative efficiency among DMUs (Chen & Sherman, 2004). It has the resembling functional 

expression with CCR model and it can be described as following: 
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When calculating the relative efficiency of a DMU, the output Y of the DMU and all DMUj (j=1, 2, ..., k) can be 

expressed by linear relation，not only the input and output of the kth DMU in the traditional DEA model. In 

traditional DEA model, DMUs have the same efficiency value regardless of their efficiency level. However, in 

the super efficiency DEA model, this defect can be compensated by displaying different efficiency values of 

efficient DMUs. The efficient DMU's inputs can be proportionally increased with constant efficiency value, 

while the increase of input rate is the super efficiency value in super-efficient DEA model. For example, given 

the DMU’s sustainability efficiency value is 1.1, which means when increase 10% of the DMU's inputs, its 

sustainability efficiency value is still above one. Super efficiency value represents the maximum range while 

DMU maintains efficient in the premise. 

3.2.3 Network 

In the real process of economy activities, DMUs usually can be divided into two stages: the outputs generated in 

the first stage will become the second stage’s inputs. Seiford and Zhu (1998) proposed a well-known two-stage 

case by using DEA model to measure the efficiency of each stage, without considering the relationship between 

different stages. In view of this, Kao and Hwang (2008) took the relationship comprehensively into account and 

constructed the corresponding model. Iribarren et al. (2010) put forward a method to measure integrated 

efficiency by weighted summation. Wang and Chin (2010) found that the integrated efficiency could also be 

measured by harmonic mean, and extended Kao and Huang’s model to the VRS reference technology. 

A drawback exists in the traditional DEA model is that the model can’t involve the relationships between 

different DMUs in the organization. To compensate, Cook et al., (2010) proposed a method of network DEA, 

which could open the "black box" to evaluate the integrated DMUs' efficiency and the relative efficiency of each 

part in the organization. Hsieh and Lin (2010) studied the theoretical framework in a further step. 

3.3 Extensions 

The application of DEA described above is limited to cross-sectional analysis, such as comparing the efficiency 

of different regions at the same time. However, for SD studies, especially in the environmental performance 

evaluation field, it is of great significance for the investigating of productivity change in the production process. 

Because of the nonparametric and formal time-series characteristics, Malmquist productivity index (MPI) and 

Luenberger productivity index (LPI) have been widely used for the comparing of different DMU performance 

over time. Based on the inputs and outputs, assuming that 0 0( , )t t tx y  and 
1

0 0( , )t t tx y 
 are the DMU0’s 

efficiency values at time period t for two different reference technologies. Specifically, in order to simplify the 

description, all the efficiency values are calculated based on the input-oriented. According to the study of Färe et 

al. (1994), MPI0 can be written as: 

 

1 2
1 1 1 1 1

0 0 0 0 0 0

0 1 1 1 1

0 0 0 0 0 0
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( , ) ( , ) ( , )

t t t t t t t t t

t t t t t t t t t

x y x y x y
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x y x y x y

  

  

    

   

 
  
 

 (7) 

MPI0 > 1, MPI0 = 1 and MPI0 < 1 respectively indicate that during the period t to t + 1, the DMU0’s productivity 

has experienced increased, unchanged, and decreased. The optimal frontier change between two periods reflects 

the change of production technology (the first part of MPI0 in Eq. (7)), and the change in relative efficiency 

reflects the efficiency change over time (the second part of MPI0 in Eq. (7)). Similarly, LPI can also be 

decomposed into two proportions to represent technology transformation and efficiency change respectively. 

Balk et al. (2008) discussed the exact relations between LPI and MPI, and they showed how the LPI transformed 

into the MPI. 
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In order to correctly measure environmentally sensitive productivity growth, combining the merits of both 

Malmquist and Luenberger (integrates the concepts of the MPI and a directional distance function), Chung et al. 

(1997) proposed a Malmquist-Luenberger productivity index (hereafter, ML index). Additionally, from the 

distribution perspective, the ML index also provides another way to reallocate the weights of both desirable and 

undesired outputs. This is very useful and applicable in the real production process. As to the application scheme, 

sustainability assessment studies of productivity analysis usually tend to use ML rather than MPI and LPI 

indexes, as is exactly shown in Table 1. A representative example of such studies includes Oh (2010) and Juo et 

al. (2015). According to the above studies, even the ML index cannot directly reflect the welfare changes; it is 

helpful to provide a picture for the productivity change under the sustainable development regulations which are 

warmly concerned by the society. 

Based on the productivity evaluation, in order to further understand the influence of each dimension in the 

sustainability assessment, sensitivity analysis is usually conducted. Charnes et al. (1992) firstly introduced 

sensitivity analysis by using DEA models. They assumed that, for a certain DMU in the certain production 

process, its inputs and outputs are synchronized in proportion while the other DMUs are unchanged. 

Furthermore, Brannlund et al. (1998) pointed out that DEA is also a valid tool for studying the subject of 

emissions permit allocations in the SD topic. Recently, a decomposition technique has been proposed by using 

the distance function obtained in MPI estimation, which can be seen in the studies of Zhou and Ang (2008). By 

combining decomposition analysis with MPI, these studies decomposed assessment into technical efficiency and 

technical progress efficiency. Zhou and Ang (2008) named this technique the production theoretical 

decomposition analysis (PDA) As is shown in Table 1, PDA has already been applied in SD studies and it may 

provide a new direction for future research. 

3.3 Joint with Others 

In the field of sustainability assessment, literatures are abundant with articles which utilized a joint application of 

DEA and other methodologies. As showed in Table 1, the four most common methodologies are life cycle 

analysis (LCA), analytic hierarchy process (AHP), stochastic frontier analysis (SFA) and multi-criteria decision 

making (MCDM). 

The integration of life cycle analysis and data envelopment analysis (LCA + DEA) to analyze the sustainable 

performance has been widely used. Of the studies listed in Table 1, about a quarter articles adopt this 

combination. As one of the representative articles, Egilmez et al. (2014) proposed the hierarchical LCA and DEA 

method to assess the American manufacturing sectors’ sustainability performance. Iribarren and Rowe (2013) 

indicated that the key point to apply LCA and DEA to evaluate sustainable performance is the further 

explanation for LCA’s results in DEA model. 

Varieties of indicators in economic, social and environmental aspects usually need to be considered 

simultaneously in the process of sustainability assessment. The indicators have to be transformed into data in the 

first step, but the conversion process usually makes mistakes. Due to incorrect conversions, these indicators may 

lead to errors in the final result. In order to improve the accuracy of data conversion, the analytic hierarchy 

process and data envelopment analysis (AHP + DEA) is often integrated to analyze the sustainable performance. 

Take the research of Lee et al. (2010) as an example; they evaluated the sustainability of national hydrogen 

energy technology by combining fuzzy AHP and DEA. Of which, the fuzzy AHP was effectively applied to 

obtain accurate input and output data, and then the DEA model was used to evaluate the sustainability 

performance. 

Stochastic frontier analysis (SFA) is an effective parametric mathematical optimization method that was 

originally proposed to measure a set of peer DMUs’ efficiency and productivity. It is important to confirm the 

specific production function and select the appropriate variables before using SFA method. Stochastic frontier 

analysis and data envelopment analysis (SFA + DEA) are usually integrated to analyze the sustainable 

performance，which can be classified into two types generally. One is using SFA and DEA to evaluate the 

performance of the DMUs respectively, and then comparing the differences between the values of two methods. 

The other is integrating SFA and DEA into multi-stage model. For example, SFA was used based on the results 

of DEA (Huang et al., 2020). 

In the process of performance evaluation, it is inevitable to choose unrealistic weights when different DMUs are 

identified. In order to solve this problem, Golany (1988) proposed a new theoretical method which combined 

DEA and MCDM (MCDM + DEA). And the approach has become much more popular these years. The 

utilization of MCDM has created a new way to solve the problems of ranking DMUs that exists in the 

conventional DEA models.  
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4. Application Scheme 

The review found that eco-efficiency performance evaluation accounts for the majority of the reviewed studies, 

followed by the applications of agriculture and supply chain management sustainability analysis. 

Eco-efficiency is addressed by the OECD in 1998, defined as the efficiency of using ecological resources to meet 

the needs of human beings. There is a hot topic about eco-efficiency measurement in SD studies, because the 

increasing eco-efficiency value can be seen as an intermediate step towards the sustainability of the production 

process. Among the reviewed studies listed in Table 1, about a third of the articles dealt in this area. It might be 

the result of the increasing global attention about the environmentally sustainable development consciousness. 

Additionally, the outstanding advantage of DEA approach helps to construct a standardized and comprehensive 

environmental performance index. However, there seems to be an increasing tendency for using DEA in a single 

entity rather than a macro-level. Particularly, in the field of farm (José et al., 2012), company (Sueyoshi & Wang, 

2014), and industry (Egilmez & Park, 2014), DEA approach has been widely applied.  

Because of the growing global population, agriculture is needed to provide large quantities of food and fiber. As 

such, the productive activity of agriculture is a privileged area of sustainability analysis. In Table 1, it is clear 

that DEA has become an important tool for studying the sustainability of agricultural. Färe et al. (1985) was the 

first one to apply the DEA concept to investigate agriculture sustainable development. Then, Battese and Ceolli 

(1995) investigated the frontier function and agricultural economics to present their applications for 

measurement. Afterwards, Van et al., (2007) applied the DEA to solve the problem of economic, environmental 

and social sustainable development of agriculture. Table 1 also shows that the assessment of sustainability 

analysis at farm-level has been growing in much popularity in recent years.  

Supply chain management was defined that “all those activities associated with transformation and flow of goods 

and service from raw material acquisition to end user’s consumption, including their attendant information 

flows”. Sustainable supply chain management (SSCM) has been widely concerned by scholars and practitioners 

in the past few years, and has become a method to improve economic, social and environmental performance at 

the same time. The evaluation of SSCM is a significant important task for any type of organizations. DEA is an 

appropriate evaluation method. Among the studies listed in Table 1, about a quarter deals with this area, and 

most of them appeared in the recent 10 years. There are two advantages of applying DEA method into the SSCM 

system. One is that the multi-input and multi-output complex system based on the DEA method can well 

describe the characteristics of the dynamic system. The other is that different type of DEA models can be used to 

evaluate the SSCM in different dimensions. Considering the importance of SCCM and the evaluation ability of 

DEA method under the combined action of multiple factors, DEA technology will play a more important role in 

SSCM research in the future. 

Except for the previous application areas mentioned above, the DEA method has also been used to investigate 

the performance and efficiency of certain industrial sectors, for example, oil and coal industrial sector, food 

industrial sector, processing and manufacturing and motor vehicle industrial sector (Sueyoshi & Goto, 2014). 

Additionally, exactly as the illustration by Khodakarami et al. (2015), DEA is an effective tool to study the 

distributive problems in sustainable development too. 

5. Guidelines and Outlook  

5.1 Guidelines 

In the early stages of the SD concept, it has been obvious that variable selection and quantitative indicators 

played a vital role. However, due to many kinds of indicators, how to choose the appropriate variables among the 

many indicators for sustainability assessment is a problem. Customarily, possible inputs and outputs list that may 

be relevant to research should be firstly established. The second step is to further examine these input and output 

variables by means of preliminary judgment and statistical analysis. Thus, retaining the most appropriate and 

relevant indicators. Generally, in the empirical applications, the more the number of DMUs the better the 

evaluation effect will be. However, due to the data collect availability, in the process of variable determination, 

discrepancies in statistical quality and indicators make it very difficult to search data. According to a widely 

adopted rule, the number of DMUs should be more than two times the total number of inputs and outputs. 

According to the review of the previous studies, many different types of DEA models are suitable for the 

efficiency evaluation. As a result, when scholars apply DEA method to study SD problems will inevitably 

encounter how to choose a specific DEA model problem. In a study, Ang (2004) pointed out that the four basic 

principles of the method selection are the theoretical foundation, adaptability, ease of use, and ease of result 

interpretation. Taking these into account, it is meaningful to systematically summarize and reconsider these 
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principles, especially for the using of DEA in sustainable development research. Generally, in the evaluation of 

sustainable development field, the combination of traditional DEA and directional distance function method is 

more suitable for evaluating a DMU’s production efficiency. Just as the description of Zhou et al. (2006), if a 

composite eco-efficiency index is expected, due to the better discrimination, the slacks-based efficiency measure 

should be adopted. Besides, if researchers try to identify the sustainability performance, the non-parametric MPI 

and LPI indexes based on the CCR model are strongly recommended. 

5.2 Outlook  

The reason we study the performance of sustainable development is to balance the complex interconnections 

between the environment, economy, and society. Specifically, for an enterprise, the enterprise has to balance the 

distribution between production efficiency and environmental efficiency during the production process. As a 

result, how to formulate a suitable distribution mechanism, stipulate the distribution principles and harmonize 

the performance and fairness are all required to explore in a further step.  

Conventionally, the DEA model applied in sustainable development doesn’t consider the inner structure and 

external relationship of DMUs. Nevertheless, the different DMUs are related to each other in the real production 

process, which need to analyze the inner “black box” of DMUs. Although some researchers and models have 

focused on this aspect (as is shown in 3.1.5), the studies and the achievements are still not enough. For the 

complexity analysis of the SD internal network, it is still necessary to study the inherent structure and 

characteristics of the SD method. 

6. Conclusions  

DEA method has been applied to the field of sustainable development by a large number of professionals and has 

achieved abundant research results, however, there still has no systematic literature review for the future 

reference. Therefore, this article provides a comprehensive and systematic review of previous research results to 

fill this gap in SD, which will facilitate future research.  

In terms of mathematical methods, we concluded that DEA models with the reference technology of constant 

return to scale and the radial efficiency measurements are the most widely applied in SD field. Scholars prefer to 

take desirable outputs and undesirable outputs into account, and tend to use the DDF efficiency of the 

environment DEA method in the area of sustainable development research. If the performance of the DMUs 

changes with time, the DEA model usually deals with different variants in conjunction with MPI, ML, and PDA 

methods. At the same time, we found that scholars are increasingly concerned about the combination of DEA and 

other methods, such as LCA, SFA, AHP and MCDM. In terms of empirical applications, we found that studies 

associated with eco-efficiency performance evaluation are shown the most, followed by the applications of 

agriculture and supply chain management sustainability analysis. 

According to the literature review and analysis, we have compiled some guidelines and outlook for the DEA 

method used in the research of sustainable development. Sustainable development has become a global research 

hotspot, which involves all aspects of economy, environment and society. In addition, DEA method carries out 

relative efficiency evaluation according to a number of inputs and outputs. We have reasons to believe that DEA 

method will play an increasingly important role in the field of sustainable development. 
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