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Abstract
This study proposes a decision support framework (DSF) based on two data envelopment analysis (DEA) models in order 
to evaluate the urban road transportation of countries for sustainable performance management during different years. The 
first model considers different years independently while the second model, which is a type of network model, takes into 
account all the years integrated. A multi-objective programming model under two types of uncertainties is then developed 
to solve the proposed DEA models based on a revised multi-choice goal programming (GP) approach. The efficiency scores 
are measured based on the data related to several major European countries and the factors including the level of freight 
and passenger transportation, level of greenhouse gas emissions, level of energy consumption, and road accidents which 
are addressed as the main evaluation factors. Eventually, the two proposed models are compared in terms of interpretation 
and final achievements. The results reveal that the efficiency scores of countries are different under deterministic/uncertain 
conditions and according to the structure of the evaluation model. Furthermore, efficiency changes are not necessarily the 
same as productivity changes. The high interpretability (up to 99.6%) of the models demonstrates the reliability of DSF for 
decision-making stakeholders in the transport sector. Furthermore, a set of managerial analyses is conducted based on dif-
ferent parameters of the performance evaluation measures for these countries including the productivity changes during the 
period under consideration, resilience of the countries, detection of the benchmark countries, ranking of different countries, 
and detection of the patterns for improving the transportation system.

Keywords Urban road transportation · Sustainability performance · Energy consumption · Data envelopment analysis 
model · Revised multi-choice goal programming

Introduction

Development of the transportation sector is one of the impor-
tant factors that can increasingly contribute to the economic 
growth of countries. In spite of positive effects on economic 
growth, transportation development may have negative con-
sequences for society and the environment. For example, 
despite the economic benefits of freight transportation for 
each country, carbon emissions are among the negative 
consequences of freight transportation (Stenico de Campos 
et al. 2019; Gandhi et al. 2022). Thus, developments in this 
sector need to be sustainable, in which sustainable develop-
ment covers the two factors social and environmental factors 
in addition to the economic factors (Tian et al. 2020). The 
European Union (EU) is a signatory to the United Nations 
Framework Convention on Climate Change (UNFCCC) and 
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submits an annual report on its greenhouse gas inventory for 
the year t-2 within the area covered by its Member States. 
The report includes data on carbon dioxide  (CO2), methane 
 (CH4), nitrous oxide  (N2O), perfluorocarbons (PFCs), hydro-
fluorocarbons (HFCs), sulfur hexafluoride (SF6), and nitro-
gen trifluoride (NF3) (Statista Research Department 2022a). 
According to Tiseo (2023), the transportation sector was the 
primary source of greenhouse gas emissions in the United 
Kingdom in 2021. Additionally, the number of road fatali-
ties in the European Union increased by about 5% between 
2020 and 2021, with 1000 more deaths reported (Statista 
Research Department 2022b). In Italy, road transportation 
accounts for the largest share of energy consumption in the 
transportation sector (Statista Research Department 2022c). 
These statistics highlight the importance of considering sus-
tainability in transportation planning and evaluation. The 
decision-making and evaluation instruments are required to 
determine the significance of economic, social, and environ-
mental factors and, consequently, to define the roadmap of 
improvements for the transportation sector (Nag et al. 2018; 
Mahdinia et al. 2018). Safety is one of the important indices 
of sustainability which has received special attention in the 
literature. Transportation development leads to an increase 
in the rate of traffic crashes, and hence, traffic safety man-
agement is required as a basis for safety assessment in the 
transportation sector (Xie et al. 2019). The safety can also be 
assessed from the economic perspective where it affects the 
benefit–cost analyses through investment justification and 
prioritization of the projects (Daniels et al. 2019; Proost 
et al. 2014). Data envelopment analysis (DEA) is a decision-
making tool which is utilized for assessment purposes in 
the transportation sector (Tovar and Wall 2017; Xie et al. 
2018) and can also be employed for the assessment of sus-
tainability and resilience (García-Palomares et al. 2018; Ji 
et al. 2016; Hahn et al. 2017; Twumasi-Boakye and Sobanjo 
2018). This research focuses on evaluating sustainability in 
transportation at the country level using the widely used and 
useful tool of DEA. The first sub-section reviews the existing 
research literature, while the second sub-section identifies 
research gaps and highlights our innovations. Finally, the 
third sub-section explains the research framework of this 
article.

Literature review

Izadikhah et al. (2021) presented a DEA-based optimi-
zation model under uncertain conditions to evaluate the 
sustainability and resilience aspects of 21 public trans-
portation providers in three Iranian megacities. Omrani 
et al. (2023) introduced a new efficiency score, sustain-
able efficiency, that considers all three aspects. Existing 
and new DEA models were applied to evaluate the tech-
nical, social, environmental, and sustainable efficiencies 

of Iranian airlines. The Technique for Order Preference 
by Similarity to the Ideal Solution (TOPSIS) approach 
was also used to integrate the results of the four models, 
providing a comprehensive ranking of the airlines. Babaei 
et al. (2022a) evaluated the distribution network configu-
rations (which was subject to many transportation deci-
sions) by developing a DEA model from the perspective 
of cost, transparency, service, and environmental criteria. 
Alper et al. (2015) used DEA to study the performance of 
local municipalities in traffic safety during 2004–2009. 
They applied three models for evaluation where the first 
model included 2 inputs and 14 outputs, the second model 
as a two-stage model included 2 inputs and 8 intermedi-
ate outputs in the first stage, and 8 intermediate inputs 
and 6 outputs in the second stage, and finally, the third 
model included 2 inputs and 8 outputs. They validated 
their models and concluded that a decrease in accidents 
leads to an increase in efficiency. lo Storto and Evange-
lista (2023) investigated infrastructure efficiency meas-
urements for road and rail modes of transport in 28 EU 
countries from 2010 to 2017 through a DEA model. Their 
results showed that countries are hardly able to improve 
both operational and environmental performances at the 
same time. Nikolaou and Dimitriou (2018) used the out-
put-oriented DEA model to assess 23 European countries 
in terms of road safety from 2005 to 2014 and showed 
that the conditions are associated with uncertainties dur-
ing the study period. Considering road safety as a major 
challenge in the EU countries, Shen et al. (2013) applied 
the output-oriented DEA model for assessment of road 
safety in EU countries during 2001–2010. The population, 
passenger-kilometers, and passenger-cars are considered 
as the inputs while the number of fatalities is accounted 
for as the only output of the model. They employed the 
Malmquist index to account for the transportation condi-
tions during the study period and indicated the progress in 
road safety management and fatality risk mitigation in the 
EU countries. Ganji et al. (2019) criticized the traditional 
DEA methods used in safety management. In this work, in 
addition to the efficient frontier, the anti-efficient frontier 
was also taken into account, and hence, the performance 
was investigated under both optimistic and pessimistic 
conditions. They implemented the input-oriented DEA 
model and implemented this model on a real case study 
in Iran; it was conducted that the cities of Ilam, Alborz, 
and Hormozgan are successful in road safety management. 
Saeedi et al. (2019) utilized a network DEA to evaluate 
the intermodal freight traffic. They employed a slack-based 
model to create discriminative power between different 
freight transportation chains. Egilmez and Mcavoy (2013) 
applied the output-oriented DEA model to minimize the 
number of fatal crashes and investigate road safety in 50 
US states during 2002–2008, showing that the utility of 
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economic and social resources is still inefficient, despite 
the decline in the fatality trend.

Given the fact that freight delivery is one of the most 
important subjects in city logistics, Muñuzuri (2019) sug-
gested a Charnes, Cooper, and Rhodes (CCR)-output-
oriented model to address this problem. Dadashi and Mir-
baha (2019) used the Monte Carlo simulation to address 
the uncertainty in DEA and proposed a model to allocate 
the budget to projects such that the safety improvements 
in highways are more effectively guaranteed. Determina-
tion of the exact level of carbon emissions is one of the 
other examples of uncertainty owing to its ambiguity, which 
was addressed by Ignatius et al. (2016) using a fuzzy DEA 
model. Zhao et al. (2019) offered a DEA model to evalu-
ate 30 major Chinese cities from the viewpoint of sustain-
ability. The proposed model consists of two subsystems in 
which, one subsystem was intended to evaluate the eco-
nomic and environmental dimensions of efficiency, and the 
other subsystem was used to evaluate the social dimension 
of efficiency. They demonstrated that the environmental and 
economic dimensions of the western cities and the social 
dimension of the eastern cities are not favorable. Taking 
into account technology changes, Sueyoshi et al. (2019) 
introduced new DEA-related indicators to evaluate the 
 CO2 emissions from 10 sources in Chinese provinces. Kutty 
et al. (2022) assessed the sustainability performance of 35 
European smart cities from 2015 to 2020 using a novel 
DEA model. The model considered undesirable factors in 
the technology set and used an integrated relative sustain-
ability performance assessment model to determine the 
most efficient smart city under the six dimensions of sus-
tainable development. Hussain (2022) examined the joint 
effect of economic and environmental factors on transport 
efficiency, including the role of climate change mitigation 
technology. Using data from 35 Organization for Economic 
Cooperation and Development countries between 2000 and 
2020, two approaches were employed: DEA based on slack-
based measure and cross-sectional dependence autoregres-
sive distributed lag. Ding et al. (2019) proposed a hybrid 
model consisting of cross efficiency (CE) and Malmquist 
index to perform a dynamic assessment. In this research, 30 
Chinese provinces were assessed in terms of carbon emis-
sion and the findings showed that the eastern provinces are 
more efficient than the western provinces. Kiani Mavi et al. 
(2019) took into account the concept of the ideal point in 
the Malmquist index to increase the discriminative power 
of their model and applied it to the Iranian freight transpor-
tation sector. The inputs of this model included the cargo 
tonnage, road length, fuel consumption, and public freight 
transportation while the outputs included safety education, 
R&D expenditure,  CO2 emission, freight turnover volume, 
and traffic accidents. The safety assessment has also been 
addressed in many other fields to improve efficiency. To 

name a few, Evans et al. (2016) addressed safety manage-
ment in the field of air traffic management, Nahangi et al. 
(2019) implemented it in the field of construction sites, and 
Djordjevi et al. (2018) and Nahangi et al. (2019) applied it 
to address the railroad safety. It should be noted that the 
DEA model is widely used not only in the field of trans-
portation evaluation but also in the fields of transportation 
planning, supply chain management and supply chain net-
work design (Babaei et al. 2023a). By utilizing DEA mod-
els, supply chain design and transportation planning can be 
optimized not only for efficiency but also for sustainability 
(Babaei et al. 2023c, d, e, f).

Recently, an entropy-based DEA model was offered 
by Stefaniec et al. (2021) to evaluate the social sus-
tainability of European Union (EU) road transport. As 
one of the main findings, it was suggested that social 
sustainability consideration leads to the exclusion of 
the bias arising from the economic factors’ involve-
ment. Memari et al. (2022) suggested a combinatorial 
decision-making approach to evaluate the sustainabil-
ity performance of renewable energy facilities. They 
took into account data reliability and uncertainty 
using Z-number-based DEA model combined with 
fuzzy decision-making trial and evaluation laboratory 
(DEMATEL) and fuzzy analytical network process 
(ANP) techniques. Babaei et al. (2023b) developed a 
leader–follower DEA model based on the number of 
vehicles, violations, and average speed of vehicles to 
evaluate freeways leading to Tehran (a city in Iran). 
There are also some other decision-making and artifi-
cial intelligence tools to assess the sustainability per-
formance in the transportation and logistics sections 
such as human–computer interaction of technology 
innovation, machine learning (Chen et al. 2022), and 
multi-criteria decision-making (MCDM) methods (Nag 
et al. 2018; Tian et al. 2023).

Research gaps and our innovations

Based on a thorough literature review, some research gaps 
have been identified which have not been addressed previ-
ously. In the following, the research gaps and our contribu-
tions are described:

(i) In the literature, the mathematical models of perfor-
mance assessment are typically used to assess differ-
ent years, independently. In this work, in addition to 
the model that examines the countries based on sus-
tainability every year, a network model is developed 
to examine all the years for the countries at the same 
time. In this way, the sustainability performance of 
countries is assessed with the help of a comprehensive 
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approach (both independent and simultaneous evalua-
tion of years).

(ii) In the mathematical models of performance assessment, 
no specific goals are determined for the best and the worst 
performance states. Accordingly, a multi-objective opti-
mization model is developed to evaluate countries’ perfor-
mance not only based on DEA common objective func-
tions but also based on best and worst performance as well 
as maximum deviations. Considering approaches based on 
the best and worst performance and maximum deviations 
increases the power of differentiation in calculating the 
efficiency scores of countries in the models developed in 
this research. Based on the developed models, countries 
are compared not only based on the efficient frontier but 
also based on the best and worst performances. In addi-
tion, an efficient method is offered to find the bounds of 
the goals related to the objective functions.

(iii) Despite considering the uncertainty conditions in the 
literature, the uncertainty has not been considered in 
the form of data variation combined with interval goals. 
Measurement errors, variation in input–output relation-
ships, and preventing incorrect and biased results require 
that uncertainty be considered in DEA models (Deh-
nokhalaji et al. 2022). In addition, it is difficult for the 
decision-maker or supply chain manager to determine 
the deterministic and accurate values for the goals related 
to the objective functions (Chang 2008; Ledwith et al. 
2021). Since multi-objective optimization models are 
taken into account in this study, the uncertainty condi-
tions are assessed in input data, output data, and deter-
mination of goal values.

(iv) Analyzing the performance of countries is not limited 
to the calculation of efficiency. Productivity analysis 
by considering efficiency scores in different time con-
ditions, resilience analysis by examining the worst and 
best performances, determining best practices as a pro-
gress plan to improve the performance of countries, and 
verifying the efficiency scores of countries extracted 
from DEA models, including important and necessary 
components for analyzing countries, while the literature 
has not comprehensively covered all the mentioned types 
of analysis. However, this research provides a compre-
hensive analysis of countries’ performance based on the 
aforementioned types of analysis.

(v) Although the assessment of sustainability at the country 
level has a great impact on city transportation policy, 
there is little research that has done an evaluation using 
sustainability indicators at the country level. Hence, this 
level of evaluation has been the focus of our research.

Based on identified research gaps and our innovative 
contributions, we have formulated the following research 
questions for our paper:

 I. How does the network model, which evaluates the sus-
tainability performance of countries by considering 
all years simultaneously, compare to the traditional 
approach of assessing each year independently?

 II. How does the inclusion of best and worst perfor-
mance states, as well as maximum deviations, affect 
the evaluation of countries’ performance in the multi-
objective optimization model?

 III. Why is it important to consider uncertainty in DEA 
models, particularly in terms of data variation and 
interval goals?

 IV. In what ways does the comprehensive analysis of coun-
tries’ performance in this research, which includes effi-
ciency analysis, productivity analysis, resilience analy-
sis, identification of best practices, and verification of 
efficiency scores, differ from existing literature?

 V. How does this research contribute to the assessment 
of sustainability indicators at the country level?

Research framework

Considering research gaps and our contributions, our goal is 
to evaluate the performances of countries based on sustain-
ability aspects through the development of multi-objective 
and network DEA models under uncertain conditions and 
provide comprehensive analysis regarding the performances. 
In this regard, a DSF as shown in Fig. 1, is presented in cur-
rent research. To evaluate countries from the perspective of 
sustainability, two multi-objective optimization models are 
presented. One evaluates countries every year, as given by 
Formulas (6), (7), (8), (9), (10), (11), (12), and (13). The other 
is designed as a network model. This means that it evaluates 
the performance of each country in all years simultaneously 
(Formulas (14), (15), (16), (17), (18), (19), (20), and (21)). 
The revised multi-choice GP is then employed to solve the 
proposed multi-objective models, as shown by Formulas 
(22), (23), (24), (25), (26), and (27). To be closer to the real 
world, the uncertainty conditions in the developed models are 
considered both in the input and output data (Formulas (28), 
(29), (30), (31), (32), (33), (34), and (35)) and uncertainty 
conditions in determining the goal values (Formulas (36) and 
(37)). Then, the efficiency scores of countries are measured 
from the perspective of sustainability under deterministic and 
uncertain conditions based on the suggested multi-objective 
model and multi-objective network model (“Results”). Pro-
ductivity measurement based on countries’ efficiency scores 
under different years (“Analysis of the productivity”), examin-
ing of resilience based on the best and worst efficiency scores 
(“Analysis of the resilience”), analysis of countries’ ranking 
based on resilience and productivity (“Analysis of the ranks”), 
identification of efficient patterns to provide the roadmap 
for improvement in low-performing countries (“Analysis of 
the best practices” and “Analysis of the benchmarks”), and 
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validation of the proposed models through interpreting the 
efficiency scores (“Analysis of the methods”) are among the 
analyses provided by the proposed DSF.

The rest of the paper is organized as follows. In “Problem 
statement,” the suggested performance evaluation models 
are described in detail. The solution approach is provided in 
“Solution approach,” considering the multi-objective and 
uncertainty programming models. The extended perfor-
mance evaluation models are implemented on the data of 
12 European countries in “Results.” Then, in “Managerial 
analysis,” the managerial analyses and some policy impli-
cations are presented. Finally, the discussion, concluding 
remarks, and suggestions for future research are given in 
“Discussion” and “Conclusions and outlook.”

Problem statement

DEA is a methodology that can evaluate the perfor-
mance of comparable decision-making units (DMUs) by 
forming an efficient frontier in which, there exist some 
inputs and outputs for each DMU. A linear mathematical 

programming model is employed to compare the relative 
performance of all DMUs such that this model will be 
input-oriented if it maximizes the outputs by keeping the 
input level constant while it would be output-oriented if 
it minimizes the inputs by keeping the output level con-
stant. The returns to scale (RTS) and orientation are two 
important characteristics of DEA models. In the constant 
RTS, a multiple of inputs produces the same multiple of 
outputs, while in variable RTS, each multiple of inputs can 
produce the same, greater or smaller multiple of outputs. 
The DEA models are able to provide benchmarks for inef-
ficient units as reference sets in order to transform these 
units into efficient units. Charnes et al. (1978) presented a 
mathematical output-oriented model, abbreviated to CCR, 
with a constant RTS. This model is presented in Formulas 
(1), (2), (3), and (4) (Aldamak and Zolfaghari 2017):

(1)minimize
∑

i

vixio

(2)subject to
∑

r

uryro = 1

Fig. 1  Our proposed framework
Our proposed decision 

support framework

Developing a multi-objective 

DEA model

Developing a multi-objective 

network DEA model

Applying revised multi-choice 

goal programming to solve 

proposed multi-objective models

Investigating the conditions of 

uncertainty in data and goals

Ranking the 

countries

Measuring 

productivity

Providing 

improvement 

pattern

Validating 

proposed 

models



 Environmental Science and Pollution Research

1 3

where index � = 1,… , n denotes the number of DMUs, 
r = 1,… , s denotes the number of outputs and i = 1,… ,m 
represents the index of inputs, xij and yrj stand for the input 
and output parameters, respectively, vi and ur represent the 
decision variables related to the input weight and output 
weight, respectively, and � denotes a negligible value (Zhu 
2009). In this model, Eq. (1) shows the objective function 
which minimizes the weighted sum of inputs of DMUs 
under consideration. Formulas (2), (3), and (4) express the 
constraints of the mathematical model where Eq. (2) sets 
output levels to 1, Constraint (3) states the ratio of output to 
input for all DMUs, and Constraint (4) expresses the positive 
variables greater than an equal to � . The efficiency score of 
each DMU is determined by 1

∑

i v
∗
i
xij

 , after solving the output-

oriented CCR model. In this equation, v∗
i
 is the optimal 

weight obtained from the mathematical model. Each time 
the mentioned model is solved, each DMU (here, each coun-
try) is evaluated with input and output criteria and its effi-
ciency is measured.

In some cases, the inputs or outputs are undesirable 
(Liu et al. 2010). Generally, in DEA models, the inputs 
are undesirable and the outputs are desirable. Neverthe-
less, the outputs including carbon emissions, road acci-
dent fatalities and the quantity of energy (fuel) consumed 
in transportation are undesirable factors that should be 
transformed into desirable factors. Equation (5) indicates 
how undesirable factors can be transformed into desirable 
ones (Zhu 2009):

where nyr� is the optimal output of the � th DMU and 
max

{

yr�
}

 represents the maximum output for all DMUs.
In this work, some indices are assigned to the input 

and output groups to evaluate the sustainability of road 
transportation in different countries wherein the outputs 
include the pollutant emission from transport (PET), the 
final energy consumption in road transport (FECRT), and 
the people killed in road accidents (PKRA). Since increas-
ing the value of the outputs is considered undesirable, they 
can be transformed into desirable outputs based on Eq. (5). 
In addition, the inputs include passenger road transport on 
national territory (PRTNT) and total transported goods on 
national roads (TTGNR). The sustainability of the coun-
tries Germany (GE), Bulgaria (BU), France (FR), Croatia 
(CR), Italy (IT), Latvia (LA), Lithuania (LI), Poland (PO), 
Slovakia (SL), Finland (FI), Spain (SP), and Romania (RO) 
is assessed for years during 2011–2015, and it is attempted 

(3)
∑

r

uryr� −
∑

i

vixi� ≤ 0 ∀�,

(4)ur, vi ≥ � ∀i, r,

(5)nyr� = −yr� + max
{

yr�
}

+ 1,

to determine the values of PRTNT and TTGNR for which 
the optimized values of PET, FECRT, and PKRA can be 
obtained for each country. It is noteworthy that the criteria 
considered in this work are widely used in the literature 
of road transport sustainability performance evaluation 
(Babaei et al. 2022b; Omrani et al. 2020; Shen et al. 2012). 
For example, criteria related to road accidents, volume of 
freights, and passengers in Shen et al. (2013), Shen et al. 
(2015), and Wu et al. (2016) were considered in the topic 
of transport evaluation. Furthermore, other useful criteria 
in the aspects of sustainability that are related to energy 
consumption and emissions have been mentioned by some 
studies such as Chang et al. (2013), Ignatius et al. (2016), 
and Chen et al. (2020). All these research works inferred 
that the aforementioned criteria make the DEA model as 
a powerful evaluation tool in the field of transportation. 
Regarding the consideration of 5-year data (2011 to 2015), 
it is worth noting that the data is not collected and reported 
immediately after the end of each year. Data is collected 
over a longer period and then validated. In addition, the 
data from different countries are not released at the same 
time. Therefore, access to the data of countries regarding 
certain criteria becomes possible after the passage of time. 
Moreover, with the passage of time, the previous data are 
corrected by the collectors and reviewers, and as a result, 
they become more accurate and stable. Due to this, these 
years are taken into account to make the data of the coun-
tries available, accurate, and stable. It should be noted that 
our goal in this work is to come up with novel decision-
making models based on DEA. Therefore, our models can 
be implemented on any data, and there are no restrictions 
in this regard for our models.

The discussions related to sustainability and transpor-
tation are topics that politicians, industries, people, and 
researchers are interested in. It is worth noting that evaluat-
ing the transportation of countries has a significant impact 
on cities in terms of policy and resources (Wątróbski et al. 
2022). Countries with lower efficiency levels set regula-
tions and standards that cities are required to implement. 
Furthermore, if countries with low-efficiency levels try to 
improve their transportation programs, cities will necessarily 
be involved in the improvement plan. Thus, it is necessary to 
anticipate and provide the necessary resources (e.g., finan-
cial resources for investment) required by cities.

In this study, two models are proposed to evaluate the 
sustainability performance of road transportation in differ-
ent countries.

Model (1)

In this model, the efficiency score of each country is measured 
relative to other countries, in each iteration, with regard to 
sustainability. This model is represented in Formulas (6), (7), 
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(8), (9), (10), (11), (12), and (13). In this model, each country 
should be separately compared to other countries during each 
year. It is worth mentioning that the proposed multi-objective 
model considers wider dimensions compared to the research 
literature models. Our models not only minimize the weighted 
sum of the input of the DMU under investigation but also 
optimize the ideal and anti-ideal DMUs at the same time. 
In addition, considering the amount of deviations can create 
more differentiation in the calculation of the efficiency score 
of the DMUs.

where i , r , and j represent the inputs (PRTNT and TTGNR), 
the outputs (PET, FECRT, and PKRA) and the countries, 
respectively, dj denotes the deviation variable for country j 
(inefficiency value), do represents the deviation variable for 
the country under consideration, xl

i
 and xu

i
 represent the mini-

mum and maximum value of input i , respectively, and M is 
the free variable of deviation. In this model, Eqs. (6), (7), 
(8), and (9) show the objective functions and Formulas (10), 
(11), (12), and (13) represent the constraints of the model. 
Objective Function (6) minimizes PRTNT and TTGNR for 
each of the countries under consideration. Objective Func-
tion (7) also tries to minimize the level of deviation for 
the country under consideration as well as the maximum 
deviation level for all countries. This objective function 
can bring the power of the mathematical model to create a 
differentiation between the efficiency scores of the DMUs. 
For more details, please see Ghasemi et al. (2014). Objec-
tive Function (8) considers the best state for the country 
under consideration because the outputs are obtained from 
the lowest levels of the inputs, and Objective Function (9) 
considers the worst state for the country under consideration 

(6)minimize
∑

i

vixio

(7)minimize M + do

(8)minimize
∑

i

vix
l
i

(9)minimize
∑

i

vix
u
i

(10)subject to
∑

r

uryro = 1

(11)
∑

r

uryrj −
∑

i

vixij + dj = 0 ∀j,

(12)M ≥ dj ∀j,

(13)ur, vi ≥ �, dj ≥ 0,M is a free variable ∀i, r,

because the outputs are obtained from the highest levels of 
the inputs. Considering two Objective Functions (8) and (9) 
increases the discriminative power of the model to calculate 
the efficiency scores of the DMUs where, in addition to the 
normal state (conventional state that DEA uses to calculate 
the efficiency), the best and the worst states are also reported 
to the decision-maker. Equation (10) sets the output level to 
1, Eq. (11) demonstrates the outputs to inputs ratio for each 
country, Constraint (12) displays the maximum deviation, 
and Constraint (13) indicates the non-negative and free vari-
ables. It should be noted that when the value of “ do ” is equal 
to zero, the DMU is fully efficient.

Model (2)

In this model, in each iteration, the efficiency score of the 
country under consideration compared to the efficiency score 
of other countries during all the years is measured concerning 
sustainability. In this model, each DMU includes some divi-
sions equal to the number of years, and each division has some 
inputs and outputs that are independent of the ones for other 
divisions (Kao 2014). The ratio of the number of runs in Model 
(2) to those in Model (1) is equal to 1

NP
 , where NP denotes the 

number of years under study. This model is represented in For-
mulas (14), (15), (16), (17), (18), (19), (20), and (21):

where i , r , and j represent the inputs, outputs and countries, 
respectively. Index k represents each year under study, xl

i
 and 

xu
i
 represent the minimum and maximum input values for all 

the years. Objective function (14) minimizes the weighted 
sum of the country’s inputs during all years. Objective 

(14)minimize
∑

k

∑

i

vix
k
io

(15)minimize M +
∑

k

dk
o

(16)minimize
∑

i

vix
l
i

(17)minimize
∑

i

vix
u
i

(18)subjectto
∑

k

∑

r

ury
k
ro
= 1,

(19)
∑

r

ury
k
rj
−
∑

i

vix
k
rj
+ dk

j
= 0 ∀j, k,

(20)M ≥ dk
j
∀j, k,

(21)ur, vi ≥ �, dk
j
≥ 0,M is a free variable ∀i, r, k.
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function (15) minimizes the sum of deviations (inefficien-
cies related to all years) for the country under considera-
tion and the maximum deviations (inefficiencies related to 
all countries and all years). Objective functions (16) and 
(17) minimize the best and worst states of the country under 
consideration (where there are the lowest weighted sum of 
inputs and the highest weighted sum of inputs, respectively). 
By considering both the worst and best-case scenarios, the 
resulting solutions will be more robust. Furthermore, the 
evaluation of countries will be more comprehensive. There-
fore, a decision that takes into account not only normal con-
ditions but also extreme situations in the real world ensures 
foresight and adaptability in different conditions. Constraint 
(18) conventionally sets the weighted sum of the outputs 
equal to one. Constraint (19) determines the inefficiency 
for each country and each year. Constraint (20) shows the 
maximum inefficiency. Constraint (21) represents decision 
variables.

Solution approach

In this section, two approaches are proposed to solve the 
models proposed in the previous section wherein the first 
approach is proposed to solve the multi-objective model 
while the second approach is proposed to address the 
uncertainty.

Multi‑objective programming approach

Goal programming (GP) is one of the multi-objective pro-
gramming methods which minimizes the deviations between 
each objective and the goal level of that objective. The goals 
are usually determined by the decision-maker. Depending on 
the significance of the objective functions, the significance of 
the objectives’ deviations varies, too. In this regard, the devia-
tions that are of higher significance are multiplied by a coef-
ficient that is known as deviation weight. The objective has 
a higher significance if it has a greater coefficient. It should 
be noted that determining the goal level for each objective is 
very difficult and, in some cases, impossible. In some cases, 
considering multiple levels for each goal may result in more 
utility for the decision-maker than considering only a single 
level in which, multi-choice GP has been developed for these 
cases. However, these models contain some binary variables 
which makes it difficult to solve them. Accordingly, a revised 
multi-choice GP model with continuous variables is devel-
oped by Chang (2008) which is shown as follows:

(22)minimize
∑

l

[wol
�

d+
l
+ d−

l

�

+ wdl(e
+
l
+ e−

l
)]

where l presents the index of each objective and d+
l
 and d−

l
 

denote the deviations of each objective function from the 
goal level ( pl). Furthermore, gmin

l
 and gmax

l
 represent the min-

imum and maximum goal level for each objective, e+
l
 and 

e−
l
 represent the variables of deviation from the minimum 

goal level for each objective, wol denotes the importance 
weight of the objectives, wdl denotes the importance weight 
related to pl , and H(x) stands for the other constraints of the 
model. In this model, Eq. (22) expresses the objective func-
tion which minimizes the weighted sum of deviations and 
Formulas (23), (24), (25), (26), and (27) are the constraints 
of the mathematical model in which, Eq. (23) defines the 
goal level of objective functions, Eq. (24) tries to bring the 
objective function close to its minimum level, Constraint 
(25) indicates the range of goal levels, Constraint (26) states 
the other constraints of the model, and Constraint (27) shows 
the non-negative variables of the model. Therefore, in order 
to solve the models in Formulas (6), (7), (8), and (9) and 
(14), (15), (16), and (17), they should be transformed into 
the model in Formulas (22), (23), (24), (25), (26), and (27). 
In this way, our proposed models transform into single-
objective models. Accordingly, we can optimally solve these 
models through common solution methods such as simplex.

Uncertainty‑handling approach

In this section, two types of uncertainties are taken into 
account for two models presented in “Problem statement.” 
In the first type of uncertainty, DMUo is investigated in the 
presence of data variation. This type of uncertainty falls 
into the category of stochastic models which leads to an 
effective sensitivity analysis (Cooper et al. 2004). Equa-
tions (28), (29), (30), and (31) display the changes in Model 
(1) under uncertain conditions:

(23)subject to
∑

l

fl(x) − d+
l
+ d−

l
= pl ∀l,

(24)pl − e+
l
+ e−

l
= gmin

l
∀l,

(25)gmin
l

≤ pl ≤ gmax
l

∀l,

(26)H(x)(≤=≥)0

(27)d+
l
, d−

l
, e+

l
, e−

l
≥ 0 ∀l,

(28)minimize
∑

i

vi
�

xio + �in
io
�−1(�)

�

(29)subject to
∑

r

ur(yro − �ou
ro
�−1(�)) = 1,
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where �in
io

 and �ou
ro

 denote the standard deviation of the inputs 
and outputs of the country under consideration, respectively, 
�−1(�) denotes the fractile function, and � represents a pre-
determined number between 0 and 1. Equations (28), (29), 
(30), and (31) build the uncertain counterpart of Model (1).

Applying the first type of uncertainty for the second 
model, the adjusted Model (2) is presented in Eqs. (32), 
(33), (34), and (35). In other words, Eqs. (32) , (33), (34), 
and (35) create the uncertain counterpart of Model (2). It 
should be noted that other components of Models (1) and (2) 
(which do not face the data of the country under considera-
tion) remain unchanged.

In the second type of uncertainty, the objective function 
of the problem is estimated by probability interval with the 
(1 − �) percentage confidence in which, � denotes the risk 
level. For instance, this interval shows that if sampling is 
repeated 100 times, a total of (1 − �) objective functions will 
fall within this confidence interval (Hespanhol et al. 2019). 
To do so, Table 1 is suggested for sampling.

At each iteration, the mathematical model with a goal 
corresponding to the first column of Table 1 is solved, and 
then, its result is used as a basis to obtain the values of other 
goals. For instance, f11(x) represents the value of the first 
objective function where the mathematical model is solved 

(30)
∑

r

uryrj −
∑

i

vixij + dj = 0 ∀j ≠ o,

(31)

∑

r

ur(yro − �ou
ro
�−1(�)) −

∑

i

vi(xio + �in
io
�−1(�)) + dj = 0 ∀j = o,

(32)minimize
∑

k

∑

i

vi(x
k

io
+ �in

io
�−1(�))

(33)subject to
∑

k

∑

r

ur(y
k

ro
− �ou

ro
�−1(�)) = 1

(34)
∑

r

ury
k
rj
−
∑

i

vix
k
rj
+ dk

j
= 0 ∀j ≠ o, k,

(35)

∑

r

ur(y
k
rj
− �ou

ro
�−1(�)) −

∑

i

vi(x
k
ij
+ �in

io
�−1(�)) + dk

j
= 0 ∀j = o, k.

based on the objective function f1(x) . Here, f12(x) shows the 
value of the second objective function where the mathemati-
cal model is solved based on the objective function f1(x) , and 
so on. Accordingly, a total of n samples are obtained for each 
objective function. The last two rows of Table 1 represent the 
average and standard deviation of the objective functions, 
respectively. The confidence interval needs the value of the 
probability based on the related distribution. In this regard, 
four conditions should be considered where (i) if the distribu-
tion function is normal, the standard normal distribution table 
can be utilized to obtain the probabilities, (ii) if the sample 
size is greater than 30, the central limit theorem can be used 
to estimate the probabilities based on the standard normal 
distribution, (iii) the t-distribution can be employed when the 
distribution function is assumed1 to be normal but the sample 
size is small, and (iv) if the distribution is unknown and the 
sample size is small, the Jackknife and Bootstrap method 
can be used to estimate the mean and variance where, both 
Jackknife and Bootstrap methods are known as resampling 
methods in statistics (Afanador et al. 2014). Constraints (36) 
and (37) show the confidence intervals for a general objective 
function l , under Conditions (ii) and (iii):

where S denotes the sample standard deviation and z�∕2 and 
t�∕2,n−1 represent the probability values based on the standard 
normal and the t-student distributions, respectively. Moreo-
ver, �f

l
 represents the standard deviation of Objective func-

tion (1). These equations are also applicable to the revised 
multi-choice GP. In this case, pl is replaced with fl(x) in 
Constraints (36) and (37), and gmin

l
 and gmax

l
 are defined dif-

ferently. For example, according to Constraint (37), 
gmin
l

= f l(x) −
S
f

l
√

n

�

t�∕2,n−1
�

 and gmax
l

= f l(x) +
S
f

l
√

n

�

t�∕2,n−1
�

.

In summary, this section strengthened the DEA model 
through multi-objective programming and consideration of 
uncertainty conditions. The DEA model is one of the unique 
methods in decision-making that performs both data analysis 
and optimization. The development of a multi-objective DEA 
model strengthens the power of discrimination in the evalua-
tion of DMUs. Moreover, the real world is full of uncertainty. 
For this reason, data variations in the DEA model are taken 

(36)f l(x) −
�
f

l
√

n

�

z �

2

�

≤ fl(x) ≤ f l(x) +
�
f

l
√

n

�

z �

2

�

,

(37)f l(x) −
S
f

l
√

n

�

t �
2
,n−1

�

≤ fl(x) ≤ f l(x) +
S
f

l
√

n

�

t �
2
,n−1

�

,

Table 1  Objective sampling

Objectives f1(x) f2(x) … fn(x)

f1(x) f11(x) f12(x) … f1n(x)

f2(x) f21(x) f22(x) … f2n(x)

… … … … …
fn(x) fn1(x) fn2(x) … fnn(x)

Average f 1(x) f 2(x) … f n(x)

Standard deviation �
f

1
�
f

2
… �

f
n

1 The t-distribution is used when the sample size is small and/or the 
population standard deviation is unknown, providing more accurate 
estimates and accounting for variability (Ahsanullah et al. 2014).
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into account in order to upgrade the DEA model to a stochas-
tic model. It is difficult for the decision-maker to solve the 
multi-objective model deterministically. The decision-maker 
has a big challenge in determining the deterministic value for 
the aspiration levels of the objective functions. Therefore, the 
aspiration levels are incorporated into the multi-objective DEA 
as intervals. Thus, the focus of this section was to strengthen 
the DEA model in order to consider uncertainty conditions.

Results

In this section, the proposed models are applied to the data-
base2 of Eurostat (2019) and the performance of the men-
tioned 12 European countries is evaluated in terms of trans-
portation sustainability and safety in which, the indices PET, 
FECRT, PKRA, PRTNT, and TTGNR are considered as the 
inputs and outputs of the models.3 The deterministic condi-
tions are considered based on Models (1) and (2) and the 
uncertainty conditions are determined using both types of 
uncertainty for Models (1) and (2). The deterministic model 
is solved based on the model of Chang (2008) given in For-
mulas (22), (23), (24), (25), (26), and (27) in which the goal 
levels for objectives are obtained in accordance with Table 1 
and the uncertainty model is solved based on the second type 
of uncertainty. The values of � and (1 − �) are set to 95%.

The standard deviation of inputs in the first type of uncer-
tainty is assumed4 to be equal to the average standard devia-
tion of all inputs for all years. The same procedure is fol-
lowed for outputs. The ranking of the countries is obtained 
based on the proposed models and the results are presented 
in Table 2. Since our proposed models are all linear, the 
results reported in Table 2 are both feasible and globally 
optimal. The arithmetic mean is regarded to aggregate the 
efficiency scores of all the years obtained from Model (1) 
and to determine the final ranking of the countries, which is 
shown in the second and fourth columns of this table.

The results demonstrate that the countries LA, LI, SL, and 
CR have achieved the best ranks based on the arithmetic mean, 

although SL has more variability than CR. It is important to note 
that CR and FI achieved identical ranks in all the extended mod-
els. Therefore, the ranks of these countries are a good basis for 
comparison because they have stable results in all models and 
under different conditions. Figures 2 and 3 display the changes 
in the efficiency scores of the countries over a five-year period in 
which, Fig. 2 depicts the results obtained from Model (1) under 
deterministic conditions, and Fig. 3 shows the results obtained 
from Model (1) under the first type of uncertainty. The first, 
second, third, fourth and fifth years are marked in blue, orange, 
gray, yellow, and dark blue, respectively. According to these 
figures, the efficiency scores of LA and LI in the deterministic 
condition and the efficiency score of GE in the uncertainty con-
dition have remained unchanged during different years.

The normalized efficiency values of countries over a 5-year 
period obtained from Model (2) under deterministic status and 
the first type of uncertainty are represented in Fig. 4. Based on 
the results, the countries SL, GE, PO, and RO have relatively 
better efficiency scores under the uncertainty condition.

Managerial analysis

This section is focused on the analysis of important issues such 
as productivity, resilience, rank, local best practice and bench-
mark. These issues will be effective in the decision-making of 
transportation and supply chain managers. In this regard, in 
“Analysis of the productivity,” the productivity of the countries 
is obtained from the aspect of sustainability by means of coun-
tries’ efficiency values in consecutive time periods. The coun-
tries’ efficiency scores are investigated considering disruptions 
in “Analysis of the resilience.” The ranking of the countries, 
considering the productivity and resilience indices, is analyzed 
in “Analysis of the ranks.” “Analysis of the best practices” 

Table 2  Ranking of the countries

Country Model (1)- 
deterministic

Model (2)- 
deterministic

Model (1)- 
uncertain

Model (2)- 
uncertain

GE 12 12 9 8
BU 5 4 6 6
FR 10 11 11 11
CR 3 3 3 3
IT 8 9 12 12
LA 1 2 1 2
LI 1 1 4 5
PO 11 10 8 9
SL 4 5 2 1
FI 7 7 7 7
SP 9 8 10 10
RO 6 6 5 4

2 For further information, please refer to (https:// ec.europa.eu/ euros 
tat/ web/ transport/ data/ database) and Babaei et al. (2022b).
3 Our indicators are derived from authoritative articles, such as 
Babaei et al. (2022b), Omrani et al. (2020), Shen et al. (2012, 2013, 
2015), Wu et  al. (2016), Chang et  al. (2013), Ignatius et  al. (2016), 
and Chen et al. (2020), which are widely used to evaluate the sustain-
ability of the transportation sector.
4 Making this assumption simplifies modeling uncertain conditions 
and reduces computational complexity. This assumption also consid-
ers the performance of all years as an average, rather than focusing on 
a single year. Additionally, this assumption ensures a relative com-
parison between DMUs in DEA models (Thanassoulis et al. 1996), as 
all DMUs are measured under the same uncertainty criterion.
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explains the best practices as a set of sustainable countries. 
“Analysis of the benchmarks” determines the countries which 
can be considered as benchmarks for other countries in order 
to improve their sustainability. Finally, “Analysis of the meth-
ods” compares two models which are introduced for modeling 
through the regression method.

Analysis of the productivity

There are various methods to quantify productivity over dif-
ferent time periods. One such measure, initially introduced 
in consumer theory and subsequently applied to productivity 
analysis, is the Malmquist index. This index offers several 

Fig. 2  Efficiency changes 
according to Model (1) under 
deterministic status
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Fig. 3  Efficiency changes 
according to Model (1) and 
under the first type of uncer-
tainty
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Fig. 4  Comparing the efficiency 
scores of Model (2) under the 
deterministic status and first 
type of uncertainty

0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

GE BU FR CR IT LA LI PO SL FI SP RO

E
ff

ic
ie

n
cy

Country

Model 2 under deterministic condition Model 2 under the first type of uncertainty



 Environmental Science and Pollution Research

1 3

benefits, including the absence of any assumptions about 
the economic conduct of production units, such as cost 
minimization or revenue maximization (Odeck 2006). The 
Malmquist index is utilized to measure productivity changes 
over time (Zhu 2009). This index is presented in Eq. (38):

where Mo,t,t+1 denotes the Malmquist index for the coun-
try input and output during (t, t + 1) . If the index is greater 
than one, it means that the productivity has been improved; 
if the index is equal to one, it means that the productivity 
has remained unchanged; and if the index is less than one, 
it means that the productivity has declined. The first and 
the second brackets show the efficiency changes (EC) and 
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technical changes (TC), respectively, �t
o
 stands for the effi-

ciency score of country O in period t . The inputs and outputs 
of the periods t and (t + 1) are used to calculate �t+1
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 for other countries, however, are calcu-
lated by inputs and outputs of periods (t + 1) and t , respec-
tively. The Malmquist Index components are obtained from 
the model presented in Eqs. (1), (2), (3), and (4). Figure 5 
represents the values of Mo,t,t+1 , TC, and EC for different 
time periods and countries. The values of Mo,t,t+1 and TC 
are equal for countries SL, LA, and LI. Based on the results, 
the most negative and positive productivity changes have 
occurred in CR (2011–2013) and RO (2013–2015), respec-
tively. The maximum positive and negative changes in EC 
are related to SP (2011–2013) and SP (2012–2014), respec-
tively, and the maximum positive and negative changes in 
TC are related to RO (2013–2015) and SP (2011–2013).

Fig. 5  Malmquist index, 
efficiency change, and technical 
change in different countries
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Analysis of the resilience

Resilience, in the transportation system, is defined as the 
ability to retain the performance of the system at the time 
of disruption. In this way, the retention ability is considered 
to be equal to the difference between the most and the least 
desirable performances in which, the greater values of the 
difference mean higher resilience of the system. The most 
desirable performance value is obtained when the country’s 
input and output have the highest output and the lowest input 
while, the other countries have the highest input and the low-
est output (Hadi-Vencheh et al. 2015). The resilience level 
is obtained from the model presented in Formulas (1), (2), 
(3), and (4) based on the average of the input and output data 
in which, the results are displayed in Fig. 6. Based on the 

results, the difference between the most and the least desir-
able performances of the three countries including LA, LI, 
and SL is zero and it means that these three countries are 
the most resilient. On the other hand, GE, FR, and IT cover 
the greatest surface area in the figure which shows a greater 
difference between the most and the least desirable perfor-
mances, and thus, these countries are the least resilient ones.

Analysis of the ranks

Once the problem is solved and the results are analyzed, the 
decision-maker should prioritize the alternatives and select 
the best one. Simple additive weighting (SAW) is a decision-
making method which compares some alternatives based 
on some criteria and assigns a score to each alternative. 
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Considering the different dimensions of the criteria, the 
related scores should first be normalized. Then, the weighted 
sum of the score of each alternative in all criteria (with 
respect to the weight of the criteria) determines the final 
score of the alternatives (Seyedmohammadi et al. 2018). In 
this study, two criteria with 12 alternatives are considered 
for two decision-making problems. In the first decision-
making problem, the first and second criteria are the rank-
ing of the countries and the resilience, respectively, and the 
12 countries are considered as alternatives. In the second 
decision-making problem, the first criterion is the ranking 
of the countries while the second criterion is obtained based 
on the Malmquist index.

The score assigned to each country on the basis of this 
criterion is determined by the number of times each country 

has been productive. The second criterion in both decision-
making problems is considered deterministic while, the first 
criterion, according to Table 1, is considered to be interval-
based. In this case, an interval between the best and the 
worst rankings is considered for the first criterion as follows:

where the lowest and highest ranks are denoted by R
j
 and Rj , 

respectively, and FSj stands for the final score of each coun-
try in the first criterion. In this research, two decision-mak-
ing problems mentioned above are solved for different values 
of � including 0, 0.1, 0.2, 0.3, 0.4, 0.5, 0.6, 07, 0.8, 0.9, and 
1. At each iteration, the weights of the first and second cri-
teria are assumed5 to be (0.1, 0.9), (0.25, 0.75), (0.5, 0.5), 
(0.75, 0.25), and (0.9, 1). In the next step, the arithmetic 
mean of the score of each country is calculated based on all 
� s. The final ranking of the countries is determined based 
on this score for the first and second decision-making prob-
lems in which the results are reported in Tables 3 and 4, 
respectively.

The changes in the mean scores of the alternatives due 
to the changes in the weights are illustrated in Figs. 7 and 8 
concerning the first and second decision-making problems, 
respectively. According to Fig. 7, a decrease in the signifi-
cance of the second criterion resulted in a decrease in the 
final scores of all countries, except for GE. In addition, as 

(39)FSj = R
j
+ �

(

Rj − R
j

)

∀j,

(40)0 ≤ γ ≤ 1,

Fig. 6  Resilience level of the 
countries
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Table 3  Ranking in the first decision-making problem

Country
(

�1, �2
)

(0.1,0.9) (0.25,0.75) (0.5,0.5) (0.75,0.25) (0.9,0.1)

GE 12 12 12 11 11
BU 5 5 5 5 5
FR 11 11 11 12 12
CR 4 4 4 4 4
IT 10 10 10 10 10
LA 1 1 1 1 1
LI 2 2 2 2 2
PO 8 8 8 8 9
SL 2 2 2 2 2
FI 7 7 7 7 7
SP 9 9 9 9 8
RO 6 6 6 6 6

5 Based on this, a comprehensive investigation is conducted to deter-
mine the importance of each criterion in comparison to another crite-
rion.
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Fig. 8 depicts, any decrease in the significance of the second 
criterion leads to improvements in the final score of BU, CR, 
LA, LI, SL, and RO.

Analysis of the best practices

Recognition of the best practices (BPs) is one of the most 
important managerial problems. However, planning to 
achieve directly to the BPs is a difficult task. In such 
cases, partitioning can be used to detect the local BPs 
(LBPs) and global BPs (GBPs). In order to improve their 
status, LBPs can first achieve the higher-level (more effi-
cient) LBPs and then GBPs. To this end, applying the 
model presented in Formulas (1), (2), (3), and (4) and tak-
ing into account the expected value of the data, GBPs and 
LBPs are achieved and presented in Fig. 9. The model is 

Table 4  Ranking in the second decision-making problem

Country
(

�1, �2
)

(0.1,0.9) (0.25,0.75) (0.5,0.5) (0.75,0.2) (0.9,0.1)

GE 9 4 12 12 11
BU 12 1 9 6 6
FR 4 8 10 11 12
CR 6 7 2 2 2
IT 1 12 4 8 10
LA 5 9 1 1 1
LI 10 2 6 3 3
PO 3 10 8 9 9
SL 10 2 6 3 3
FI 2 11 3 7 7
SP 8 5 11 10 8
RO 7 6 5 5 5

Fig. 7  Changes in the scores 
of the first decision-making 
problem
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Fig. 8  Changes in the scores 
of the second decision-making 
problem
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first solved for all the countries and then, BPs are detected 
and omitted. Then, the model is solved for the remain-
ing countries this procedure is repeated and accordingly, 
all BPs are detected at different stages (Seiford and Zhu 
2003). In Fig. 9, the colors of green, red, purple, yellow 
and blue represent the different levels of BPs in which the 
green shows GBPs and the other colors represent LBPs 
at each stage. It must be noted that countries with lower 

efficiency scores can adopt policies based on this sub-
section to improve their efficiency score in the field of 
transportation sustainability step by step.

Higher stages cover less efficient countries. Based on the 
results, the countries Li, SL and LA are GBPs, the first-level 
LBPs include BU and CR, the second-level LBPs include 
FI and RO, the third-level LBPs include PO, IT and SP, and 
finally, the fourth-level LBPs include FR and GE.

Fig. 9  Local and global best practices



Environmental Science and Pollution Research 

1 3

Analysis of the benchmarks

Applying the dual model in DEA leads to the detection of 
benchmark units for inefficient units (Emrouznejad and 
Amin 2009). The average changes in the PET, FECRT, and 
PKRA indices which are required for countries to reach the 
efficient frontier with respect to the benchmark countries 
are presented in Fig. 10. This figure indicates the bench-
marking level of different countries from LA, LI, and SL. 
Based on the results, LA is the country that is considered 
as the benchmark by most countries. For example, GE 
should consider LA and LI as benchmark countries while 
more attention should be paid to LA. Generally, LA, LI, 
and SL receive higher weights as the benchmark countries, 
respectively. This subsection encourages policymakers in 
the field of transportation who seek sustainable development 
to improve their efficiency score by taking patterns from 
sustainable countries.

Analysis of the methods

In this section, the linear regression technique is utilized to 
compare Model (1) and Model (2), under identical condi-
tions. In the regression model, the efficiency score is consid-
ered as the dependent variable while each output of the DEA 
model is considered as the continuous independent variable, 
and then, the coefficient of determination is employed as an 
index to perform the comparisons. In this regard, five models 
including exponential (Exp), linear (Li), logarithmic (Lo), 
second-order polynomial (Pol), and power (Pow) are used 
to perform the regression modeling. The geometric mean of 
each method is presented with Geo-Mean. The results are 
summarized in Table 5 in which, the results demonstrate 
that the best estimation is obtained from the Pol method. 
The final geometric mean obtained from the best method is 
presented in the Final Geo-Mean row.

As Table 5 displays, the integrated model provides bet-
ter interpretations. Furthermore, the results obtained from 
implementing the regression method on the efficiency 
scores of Model (1) and Model (2) are presented in Table 6. 
Depending on the year under study, Model (1) provides 
different results. Hence, in order to compare the results of 
Model (1) with those of Model (2), the average (Avg), maxi-
mum (Max), and minimum (Min) values of the results of 
Model (1) are, separately, taken into account. As Table 6 
depicts, there is a very strong interpretation between the two 
efficiency scores. The best estimates were obtained from the 
Pow model. High interpretability shows that our models are 
trustworthy and transportation stakeholders can make deci-
sions based on their results.

Discussion

The movement of goods and passengers is one of the impor-
tant factors of prosperity in transportation activities. However, 
the growth in transportation activities results in emissions, 
road accidents, and energy consumption. Facilitation in the 
movement of goods and passengers leads to economic growth. 
Therefore, the transportation of passengers and freight is 
effective in the ability of businesses to access new markets, 
create jobs, reduce trade barriers, increase competition advan-
tages, and plan cost reduction (regarding fuel, maintenance, 
and consolidation of shipments). For this reason, this research 
accounted for PRTNT and TTGNR as helpful criteria on the 
economic aspect. On the other hand, energy consumption and 
emissions affect the environmental aspect. Safety as a protec-
tor of individuals and communities has significant effects on 
the social aspect. The safety measure includes accidents that 
involve human lives. To do so, PET, FECRT, and PKRA were 
taken into account along with economic criteria. The men-
tioned criteria, as stated in “Problem statement” according to 

Fig. 10  Benchmarking percent-
age of different countries from 
LA, LI, and SL
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the research literature, are effective on sustainability. Accord-
ingly, it is necessary to evaluate the transportation systems of 
countries from the perspective of sustainability. In this way, 
policymakers identify and develop strategies to improve the 
performance of their country’s transportation system.

In the real world, various institutions evaluate transportation 
from a sustainability perspective. For example, the International 
Transport Forum (ITF 2023) and United States Department of 
Transportation (DOT 2023) are aimed at creating a deep under-
standing of the role of transportation (both in freight and pas-
sengers) in strengthening the pillars of sustainability (social, 
environmental and economic). In this regard, this research 
presented an efficient DSF for assessing the transportation of 

countries from the aspect of sustainability. This proposed DSF 
contains two developed DEA models to proceed with robust 
evaluations in terms of both data analysis and optimization. In 
order to strengthen the discriminating power of the DEA model, 
multi-objective DEA models were utilized. In addition, this study 
developed a model that evaluates countries simultaneously in all 
years to create an integrated assessment for transportation sys-
tems. uncertain conditions are considered in the data concerning 
the transportation to approach the real world. Human error (in the 
collection, interpretation and recording), lack or defect of infor-
mation, bias in data collection, equipment and method used in 
data collection, environmental factors (i.e., weather, traffic, and 
roadblocks), and time limit (hasty data collection) are among 
the causes of uncertainty that have a significant impact on the 
data of inputs and outputs of road transport. It is important to 
note that there are significant reasons supporting the structure 
of our proposed approach. One weakness of the DEA model is 
its inability to distinguish between DMUs effectively. Therefore, 
our approach is based on multi-objective models that increase 
the power of differentiation in evaluating DMUs. Addition-
ally, our proposed approach evaluates all years effectively, not 
only independently but also in an integrated manner. Since the 
real world is full of uncertainty, the data used in our proposed 
approach is considered uncertain. This uncertainty includes 
both the data of the DEA model (inputs and outputs) and the 

Table 5  Regression results of the different methods

Values in bold indicate the best results

Year Method Model (1) Model (2)

Exp Li Lo Pol Pow Exp Li Lo Pol Pow

2011 Output 1 0.84 0.74 0.23 0.89 0.31 0.84 0.64 0.19 0.80 0.33
Output 2 0.11 0.10 0.01 0.57 0.03 0.12 0.09 0.001 0.64 0.02
Output 3 0.86 0.79 0.45 0.80 0.52 0.84 0.72 0.39 0.75 0.49
Geo-Mean 0.42992 0.38811 0.10115 0.74037 0.16911 0.43912 0.34614 0.04200 0.72685 0.14788

2012 Output 1 0.81 0.63 0.19 0.80 0.31 0.82 0.62 0.19 0.80 0.32
Output 2 0.14 0.10 0.004 0.52 0.04 0.15 0.11 0.008 0.52 0.05
Output 3 0.82 0.72 0.42 0.74 0.47 0.82 0.71 0.42 0.73 0.48
Geo-Mean 0.45305 0.35664 0.06834 0.67521 0.17996 0.46549 0.36449 0.08611 0.67216 0.19730

2013 Output 1 0.80 0.62 0.18 0.79 0.31 0.81 0.61 0.18 0.79 0.31
Output 2 0.18 0.15 0.01 0.49 0.06 0.22 0.17 0.02 0.51 0.07
Output 3 0.84 0.73 0.47 0.77 0.54 0.82 0.71 0.46 0.74 0.54
Geo-Mean 0.49455 0.40795 0.09458 0.66799 0.21576 0.52671 0.41913 0.11831 0.66805 0.22714

2014 Output 1 0.79 0.63 0.19 0.80 0.32 0.81 0.61 0.18 0.79 0.31
Output 2 0.20 0.15 0.16 0.43 0.07 0.23 0.19 0.02 0.46 0.08
Output 3 0.83 0.73 0.50 0.76 0.64 0.82 0.71 0.49 0.73 0.65
Geo-Mean 0.50806 0.41013 0.24771 0.63943 0.24293 0.53458 0.43496 0.12083 0.64254 0.25261

2015 Output 1 0.80 0.61 0.18 0.78 0.33 0.82 0.62 0.18 0.79 0.32
Output 2 0.21 0.15 0.02 0.39 0.08 0.26 0.21 0.03 0.47 0.09
Output 3 0.81 0.71 0.43 0.75 0.60 0.82 0.71 0.48 0.74 0.62
Geo-Mean 0.51436 0.40200 0.11568 0.61105 0.25114 0.55916 0.45216 0.13737 0.65011 0.26137

Final Geo-Mean 0.66544 0.67131

Table 6  Regression results for the efficiency

Values in bold indicate the best results

Model (1) Model (2)

Exp Li Lo Pol Pow

Avg 0.894 0.993 0.884 0.994 0.998
Max 0.920 0.992 0.870 0.998 0.999
Min 0.850 0.984 0.900 0.986 0.994
Geo-mean 0.88753 0.98966 0.88458 0.99265 0.99699



Environmental Science and Pollution Research 

1 3

solution of the multi-objective model. It is worth noting that our 
proposed approach is based on sustainability assessment, which 
is an important issue in both research and the real world.

The research framework (cf. Figure 1) illustrates our approach, 
which involves developing multi-objective and network evalua-
tion models that can account for uncertainty. We have assessed 
uncertainty in both the input and output data of the evaluation 
models, as well as in the determination of the targets of the objec-
tive functions (cf. Table 1). Using a case study of several European 
countries, we ranked the countries under multi-objective and net-
work models, both under conditions of uncertainty and certainty 
(cf. Table 2). We then conducted a sensitivity analysis to examine 
the performance changes according to the presented models and 
uncertainty conditions (as shown in Figs. 2, 3, and 4). Our article 
includes various applied analyses, such as productivity analysis 
based on efficiency in different periods (cf. Figure 5), resilience 
analysis by examining the highest and lowest limits of efficiency 
(cf. Figure 6), sensitivity analysis of ranks from the perspective 
of productivity and resilience (cf. Tables 3 and 4 and Figs. 7 and 
8), introducing improvement benchmarks and models for coun-
tries with lower efficiency, and modeling countries with lower 
efficiency based on countries with better efficiency (as shown in 
Figs. 9 and 10). Finally, we also included the interpretability of 
models through regression (cf. Tables 5 and 6), which are impor-
tant for effective decision-making.

The proposed DSF was implemented on the data of 12 Euro-
pean countries. This research framework has the ability to pro-
vide many analytical opportunities regarding ranking, productiv-
ity, benchmarking and resilience. According to Table 2, LI has 
the best rank in the multi-objective and network model under 
deterministic conditions. However, when uncertainty is included 
in the models, LA and SL get the best ranks. Therefore, it is 
effective to consider uncertainty and types of evaluation models 
(multi-objective model or network model) in the ranking result. 
Comparison through efficiency scores is not enough to evaluate 
countries. For example, in Fig. 5a, between the two periods of 
(2011–2012) and (2012–2013), efficiency change has increased, 
but productivity change has decreased. In Fig. 5l, in the same 
periods, efficiency and productivity changes were in the same 
direction (both have increased). In Fig. 5g, in the same periods, 
efficiency change has remained constant, while productivity 
change has occurred. Therefore, examining the transportation 
systems of countries only through efficiency may mislead poli-
cymakers and they may adopt policies that are not productive.

According to Fig. 6, LA, LI, and SL have the same efficiency 
scores in the worst and best cases. Therefore, it is appropriate 
for unsustainable countries to follow these countries in terms 
of performance, because their performance scores are resilient 
under the worst and best conditions. In this regard, as shown 
in Fig. 10, inefficient countries can adopt policies based on 
efficient countries. Modeling inefficient countries from coun-
tries with a solid foundation in the field of transportation can 
provide a robust improvement plan for inefficient countries. For 

example, as outlined in Tables 3 and 4, LA, RO, and CR have 
the least variations under various importance weights (regard-
ing rank, resilience, and productivity). It should be noted that 
the developed DSF provides reliable results to policymakers in 
the field of transportation because the proposed DSF performs 
the evaluation process through two models. This prevents the 
error of relying on a single model. In addition, if these two 
model results support each other, then the evaluation results 
obtained from the DSF become more reliable. In this regard, 
both Model (1) and Model (2) were implemented on the same 
data and both models aim to evaluate the transportation of coun-
tries from a sustainability perspective. The high interpretability 
of the efficiency scores obtained from these two models (based 
on Table 6) demonstrates that their obtained results support 
and validate each other. Transportation policymakers should be 
aware that despite the many benefits of this proposed DSF, the 
evaluation process in this DSF, as well as other research, faces 
challenges. All in all, the important challenges for assessing the 
transportation of countries from a sustainability perspective are 
the availability and measurement of data.

Conclusions and outlook

Transportation is one of the most important factors in the eco-
nomic development of cities. Moreover, urban road transporta-
tion accounts for a considerable share of transportation in all 
countries, and therefore, it plays a vital role in logistics plan-
ning. In this regard, the environmental and safety factors are 
the major challenges of the countries that are affected by trans-
portation. Therefore, evaluating the performance of the coun-
tries in terms of transportation sustainability is essential. In a 
word, an efficient DSF based on two DEA models was pro-
posed to evaluate the sustainability of different countries. The 
first model dealt with the performance of countries in different 
years while the second model generally addressed the perfor-
mance of countries during all the years as a network model. 
Since both models were multi-objective, a multi-objective pro-
gramming model based on a revised multi-choice GP approach 
was developed to treat the models under uncertain conditions. 
In addition to uncertainty conditions in multi-objective pro-
gramming, uncertainty in data was also considered in the pro-
posed models. The proposed models were applied to the real 
data set related to some European countries. In this regard, 
the models were then solved and the ranking of the countries 
was obtained in which, the results under deterministic condi-
tions revealed that the best rank belongs to LI while the worst 
rank belongs to GE. After LI, the countries of LA, CR, and 
SL achieved the best ranks, respectively. Furthermore, the 
obtained results varied based on uncertain conditions. There-
fore, considering uncertain conditions along with determin-
istic conditions increased the decision-making accuracy of 
transport decision-makers. A set of managerial analyses were 



 Environmental Science and Pollution Research

1 3

also performed to assess the performance of the countries. The 
Malmquist index was used to analyze the productivity, EC, 
and TC of countries over the years under consideration. The 
resilience of the countries was also measured with regard to 
the efficiency changes under the best and worst conditions. 
Taking into account the ranking of the countries obtained from 
the proposed models and the potential effects of resilience and 
productivity, a sensitivity analysis was carried out on the rank-
ing of the countries. The benchmarks for inefficient countries 
were determined based on the efficient countries. On the other 
hand, local and global best practices were determined for coun-
tries in order to enable them to improve their transportation 
system, step by step. Finally, the two models were compared 
to reveal their data interpretation potentials. The findings from 
managerial analyses revealed that most changes belonged to 
RO within the 2013–2015 time period in order to improve the 
productivity while most changes belonged to CR within the 
2011–2013 time period to reduce the productivity. Moreover, 
LA, LI, and SL were introduced as the most resilient countries 
and as global best practices. Finally, the effectiveness of the 
proposed models was evaluated by comparing their efficiencies 
through the regression method. Sometimes determining poli-
cies for inefficient countries to reach the most efficient coun-
tries requires a lot of resource consumption. To avoid excessive 
consumption of resources, our DSF also provided step-by-step 
improvement of countries’ efficiency. As shown in Fig. 9, there 
is no need for GE to follow LI, but in the first stage, it can reach 
the efficiency of countries like IT.

This work evaluated the transportation sustainability of 
countries based on five criteria, taking into account limita-
tions in resources and data. It focused on European countries 
that have available and published data in predetermined peri-
ods. However, policymakers, such as the European Union, 
could benefit from more comprehensive results by consider-
ing additional effective criteria and a larger number of coun-
tries. While accounting for uncertainty and multi-objective 
models ensures the realism and discrimination power of the 
presented models, it also increases the complexity of data 
collection and mathematical problem-solving.

The inputs of a given period may affect not only the outputs of 
this period but also the outputs of other periods. Hence, evaluation 
of the potential effects of different periods on each other is recom-
mended for future research. Analysis of the ranking of the countries 
using indices other than resilience and productivity such as agil-
ity and robustness can be taken into account to extend the current 
study. Moreover, big data analytics (BDA) can be used to gather 
required data and solve the models more efficiently. On the other 
hand, sustainability is a global issue, it is recommended that research-
ers evaluate Middle East countries from a sustainability perspective. 
Other multi-objective solution methods (e.g., augmented ε-constraint 
method) as well as other uncertainty-handling techniques (e.g., 
robust optimization) may be implemented and compared to the pro-
posed ones in this work. Finally, advanced optimization algorithms 

(e.g., hybrid heuristics and metaheuristics, adaptive algorithms and 
self-adaptive algorithms) can be utilized to treat the problem com-
plexity efficiently (Dulebenets 2021, 2023; Pasha et al. 2022; Singh 
and Pillay 2022; Singh et al. 2022; Chen and Tan 2023).
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