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Abstract: Since energy efficiency and energy improvement are viewed as two of the most important
keys of sustainable management, research on energy has become popular and captured much more
attention. The current paper aimed to measure the energy efficiency of 25 countries with carbon dioxide
(CO2) emissions as well as their energy efficiency improvement. First, a data envelopment analysis
(DEA) slack-based model (SBM) was employed to obtain efficiency scores. Second, the Malmquist
Productivity Index (MPI) was then used to examine the improvement during the period of 2010–2017.
Findings of this study showed that developed countries had a more balanced development between
gross domestic product (GDP) growth and CO2 emissions by using the same inputs as developing
countries. Additionally, the findings revealed that India and China, being the two largest population
countries, achieved improved energy intensity during 2010–2017; however; their energy consumption
and CO2 emissions continued to grow, leading them to being the two worst countries in terms of
energy efficiency.

Keywords: energy efficiency; energy efficiency improvement; data envelopment analysis; malmquist
productivity index

1. Introduction

In recent years, improving energy efficiency has been often advocated as a way to increase the
productivity and sustainability of society and the environment as well. According to the International
Energy Agency (IEA, 2018), global energy demand rose by 1.9% in 2017—the fastest annual increase
since 2010 [1], caused mainly by the emerging economies. The International Energy Agency also
pointed out that the increase in the production of some industrial sectors was the most energy intensive,
which boosted energy demand. In the IEA’s 2018 report, energy demand in 2017 was 584 exajoules
(EJ) and is forecasted to rise 26% to 736 EJ in 2040 [1]. According to the U.S. Energy Information
Administration, global energy consumption will increase by 48% by 2040, contributing to almost 26%
of greenhouse gas emissions [2]. The world, therefore, is rising to the challenge of increased energy
demand and the derived requirement of energy resources. Additionally, hugely increasing energy
consumption causes many issues, for example, greenhouse gas emissions. Consequently, cutting back
the consumption of global energy has become very crucial, with energy efficiency improvement being
one of the most effective tools [1]. Energy efficiency and emission reduction as well as controlling carbon
dioxide (CO2) emissions are a country’s keys to developing a sustainable economy [3]. Therefore,
the assessment of energy and greenhouse gas emissions has received more attention than ever before.

In the past few years, various methods have been applied to measure energy efficiency. However,
despite many studies, research on energy efficiency in relation to the environment has never been
excessive or has been considered unnecessary. Additionally, it was found that there are rare studies
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concerning the difference between results with and without the existence of bad output. Moreover, not
many studies addressing energy improvement are found in the literature. Accordingly, the purpose of
this study was to offer a comprehensive view of overall energy and environmental efficiency as well as
energy progress of the top 25 listed countries in terms of CO2 emissions. The two main steps of this
research were first to measure energy efficiency using DEA SBM and, second, to examine the energy
efficiency improvement of these countries during the period of 2010–2017 using the MPI.

Results of this study confirm that by using the same input resources, developed countries are
more effective in promoting GDP growth and reducing CO2 emissions than developing countries
are. Additionally, as a general observation, 25 sample countries showed no evidential energy
enhancement. Furthermore, our study findings also revealed that India and China, being the two
largest population countries and CO2 emitters, experienced very poor performance in terms of energy
efficiency. Our findings provide important policy implications.

In the context of efficiency measurement, the non-parametric approach called data envelopment
analysis (DEA) is a widely used method for measuring efficiency [3]. The DEA method for measuring
energy efficiency has been so widely applied in recent decades that there are hundreds of studies
assessing energy and/or environmental efficiency regionally and globally [4]. In 2018, Mardani [5]
conducted a review on DEA used in measuring energy and environment where the author selected
and reviewed 145 previous studies using the DEA method for assessing energy and environment.
Energy efficiency has long been explored, covering not only countries’ sectors or industries but also
within or across regions and countries. Using the DEA method, Hu and Kao [6] conducted a study
in 2006 on the topic of energy savings, targeting the economies of the 17 Asia-Pacific Economic
Cooperation (APEC) countries during 1991–2000, where energy, labor, and capital were used as inputs
and the GDP was the only output. The findings showed that Hong Kong, Philippines, and the
United States had the highest energy efficiency and that the energy efficiency levels could be varied
across economies even for the same sector [6]. Considering the energy utilization efficiency between
China and Taiwan from 2002 to 2007, the study of Yeh [7] applied DEA with three inputs (number of
laborers employed, real capital stock, and quantity of energy consumed) and three outputs (GDP, CO2

emissions, and SO2 emissions). In their study, Wang [8] used several DEA models to evaluate the
total-factor energy and emission performance of 30 regions in China during the period of 2000–2009 in
the presence of undesirable outputs. In that research, both non-energy inputs (capital stock, labor)
and energy inputs (coal, oil, and gas) were used together to produce a good output, GDP, and bad
outputs, CO2 and SO2 emissions. In 2013, there were several studies measuring energy performance
as well as energy efficiency, such as those carried out by Bian [9], Hong [10] Wang [11] Zhang [12],
and [13]. In their study, Bian [9] surveyed energy savings and the related carbon dioxide emission
reduction in China. In that study, a non-radial DEA model was employed with the joint set of inputs
and both desirable and undesirable outputs. The inputs included labor, capital stock, and energy
consumption, whereas the outputs consisted of GDP and CO2 emissions. Hong et al. [10] carried out a
study measuring the regional environmental efficiency in China by using a super SBM over the period
of 1991–2001 with three inputs (labor, capital stock, and energy used) and two outputs (GDP and waste).
Wang et al. [11] used improved DEA models to measure the energy and environmental efficiency of
29 administrative regions of China during the period of 2000–2008, considering both desirable and
undesirable outputs as well as energy and non-energy inputs. In that study, annual data of capital stock
and labor force were considered as two non-energy inputs and energy consumption was used as energy
input, whereas GDP was the only desirable output and CO2 and SO2 emissions were two undesirable
outputs. With respect to environment energy efficiency, Zhang and Choi [12] used a DEA SBM to
calculate pure energy efficiency and scale efficiency by incorporating three inputs (labor force, capital
stock, and energy consumption) with one desirable output (real GDP) and three undesirable outputs
(carbon dioxide, sulfur dioxide, and chemical oxygen demand). In their pilot research, Song [13]
analyzed the current situation of energy efficiency in China. In that research, a super SBM was applied
to assess the energy efficiency with variables such as labor, total energy consumption, and fixed capital
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formation used as inputs and GDP being the only output. In 2014, Wang and Wei [14] applied a newly
developed DEA-based method to evaluate the regional energy and emission efficiencies as well as the
energy saving and emission reduction potentials of the industrial sector of 30 major Chinese cities
during 2006–2010. To reach the research’s objectives, three inputs (capital, labor, and total energy
consumption) and three outputs (value-added, CO2 emissions, and SO2 emissions) were selected.
Lin and Du [15] employed a newly developed non-radial DEA to evaluate regional energy and CO2

emission performance of China for the period of 1997–2009. Rui et al. [16] surveyed the total-factor
energy efficiency of 87 sample countries during 2004–2010 by extending the non-parametric method
of production economic to construct the directional distance function of slack-based measurement.
Yaser [17] conducted a study on energy and CO2 emission efficiency by applying the SBM model
proposed by Tone in 2001 [18]. Total labor force, gross capital formation, and total primary energy
consumption were taken as inputs, whereas GDP at market price and CO2 emissions were used as
good and bad outputs, respectively. Recently, Zhou [19] applied the two-stage DEA method to analyze
the energy efficiency and congestion of APEC countries for the period of 1995–2012. Chen and Jia [20]
explored the efficiency in terms of energy of 31 Chinese regions by using the DEA method. Wang. [21]
used a DEA SBM to evaluate the energy efficiency of 17 countries during 2010–2015 and used MPI
to measure the change in efficiency across that period. In the same vein, gross capital formation
and labor force were used as non-energy inputs, and total energy consumption as an energy input,
and the GDP was used as a desirable output and CO2 emissions as an undesirable output. Recently,
Yasesr. [22] carried out a study concerning the energy and CO2 emission efficiency of major economies.
A network DEA approach was run for that research with the selection of three inputs (total labor force,
gross capital formation, and total energy consumption) and two outputs (GDP and CO2 emissions).
Those study results found that none of the economies was efficient overall and that China was the
worst country, whereas the United States were the most efficient country in terms of energy.

According to the literature, DEA SBM was frequently applied to deal with the presence of
undesirable outputs; for example, the study carried out by Apergis [23] used an SBM to measure
the energy efficiency of selected Organisation for Economic Co-operation and Development (OECD)
countries. Regarding the concern about CO2 emissions, Liu and Liu [24] used three-stage DEA in their
study to measure the low-carbon economy efficiency of the top 20 largest CO2 emitters from 2000 to
2012 with the presence of CO2 emissions as an unwelcome output. Lenz. [25] examined the energy
efficiency changes in the European Union (EU) countries by using a DEA SBM. Various other studies
use an SBM model for efficiency assessment with the presence of bad outputs such as those carried out
by Hong [10], Zhang [12], Rui [16], and Song [13].

The rest of this paper is organized as follows. Section 2 describes the research methodology used to
measure energy efficiency and evaluate energy efficiency change during 2010–2017. Section 3 presents
the empirical results and Section 4 presents the discussion and the conclusions drawn from the research.

2. Research Methodology

To reach the objectives of this paper, we employed a non-parametric method, DEA, which has
been widely used to assess the efficiency of decision-making units (DMUs). In accordance with
environmental conservation awareness, undesirable outputs should be taken into consideration when
evaluating efficiency. DEA usually assumes that producing more outputs relative to fewer inputs
is a criterion of efficiency [26]. However, in the presence of undesirable outputs, promoting more
good outputs and less bad outputs relative to fewer input resources should be recognized as efficient.
The DEA literature includes a model to deal with this purpose, called SBM which was initially proposed
by Tone in 2001 [18] and then modified in 2003. The SBM is a non-radial method that directly uses
input and output slacks to produce an efficiency measure. In this study, the SBM with undesirable
output method of Tone (2003) [26] was applied to measure the energy efficiency of 25 selected countries
during 2010–2017.
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According to Tone (2003) [26], in SBM, each DMU is assumed to have three factors—inputs, good
(desirable) outputs, and bad (undesirable) outputs—represented by three vectors, x ∈ Rm, Yg

∈ Rs1,
and Yb

∈ Rs2, respectively.
For a DMU (xo, yo), the decomposition is denoted as

(
xo, yg

o , yb
o

)
. The production possibility set is

defined by the following:

P =
{(

x, yg, yb
)∣∣∣x ≥ Xλ, yg

≤ Yg λ, yb
≥ Ybλ, L ≤ eλ ≤ U, λ ≥ 0

∣∣∣ },
where λ is the intensity vector, and L and U are the lower and upper bounds of the intensity
vector, respectively.

A DMU
(
xo, yg

o , yb
o

)
is efficient if there is no vector

(
xo, yg

o , yb
o

)
∈ P, such that x0 ≥ x, yg

o ≤ yg, yb
o ≥ yb

with at least one strict inequality. The SBM of Tone (2001) was modified as follows:

[SBM] ρ∗ = min
1− 1
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xio
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Sg
r

yg
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)
Subject to

xo = Xλ + S−

yg
o = Yλ − Sg

yb
o = Yλ + Sb

L ≤ eλ ≤ U

S−, Sg, Sb, λ ≥ 0.

(1)

The vectors S− and Sb refer to the excesses in inputs and undesirable outputs, and Sg represents
the shortage in desirable outputs. The DMUo is efficient considering bad output if and only if ρ* = 1 or,
in other words, S−∗= 0, Sg∗= 0, and Sb∗= 0.

According to Hu and Wang [27], the traditional energy efficiency index is called particular-factor
energy efficiency (PFEE) and only considers the energy consumption with respect to producing
economic output. The new index, called total-factor energy efficiency (TFEE), considers the use of
multiple inputs in order to produce desirable outputs and undesirable outputs. We measured energy
efficiency based on the TFEE and the PFEE viewpoint of Hu and Wang [27]. According to those authors,
TFEE = Target Energy Input/Actual Energy Input as is shown by Equation (2) below:

TFEE =
(xe − βe)

xe
= 1−

βe

xe
(2)

Equation (3) shows the TFEE after taking all inputs, outputs and bad outputs into account [16].

TFEE = 1 −
∑

n

α1nβxn

xn
−

∑
m

α2mβym

ym
−

∑
q

α3qβbq

bq
(3)

TFEE =
∑

n
α1n

(
1−
βxn

xn

)
+

∑
m
α2m

(
1−
βym

ym

)
+

∑
q
α3q

(
1−
βbq

bq

)
. (4)

TFEE = Total-factor input efficiency + Total-factor output efficiency + Total-factor

bad output efficiency
(5)

The index PFEE computes the efficiency ratio by directly dividing GDP output by energy input as
an indicator of energy efficiency.

Besides calculating technical efficiency at a given time, it is equally important to calculate efficiency
over time. Comparing efficiency levels between different time periods gives researchers a better view



Energies 2019, 12, 1535 5 of 14

of the change in efficiency over time, which enables them to assess how these changes influence
efficiency and can help partly in predicting the fluctuations of future performance [20]. To do this,
the Malmquist Productivity Index which helps to calculate the change in aggregate productivity over
time was proposed. In the DEA method, the estimation of technical efficiency is based on a defined
frontier and, therefore, the comparison between two different time periods based on two different
frontiers is very complex. Fare. [28] proposed a model for determining the change in total productivity
over time in which any DMU would be studied at two different times t and t + 1 (corresponding to two
different frontiers at two points t and t + 1) and then the change would be compared in that DMU's
total productivity. Let us assume that E is the distance function with t and t = 1 being two different
time periods. We have the following equation:

MPIt+1
t =

Dt
0

(
xt+1

0 , yt+1
0

)
Dt

0

(
xt

0, yt
o

) Dt+1
0

(
xt+1

0 , yt+1
0

)
Dt+1

0

(
xt

0, yt
o

) 
1/2

, (6)

where MPIt+1
t is the index between the two time periods t and t + 1: MPIt+1

t > 1 indicates increased
performance, whereas MPIt+1

t < 1 indicates decreased performance.
The Malmquist Productivity Index can be combined by using technical change (TECHCH) and

efficiency change (EFFCH). The equation can be written as follows:

MPIt+1
t = (EFFCH)·(TECHCH) =
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0
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0 , yt+1
0

)
Dt

0

(
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o

) 
 Dt

0

(
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0

(
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) Dt
0

(
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0
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0

(
xt

0, yt
o

) 
1/2

(7)

Efficiency change is defined as the “catch-up effect relating to the degree to which a DMU improves
or worsens its efficiency.” Efficiency change >1 indicates progress in relative efficiency from period to 1,
whereas efficiency change =1 and efficiency <1 indicate no change and regress in efficiency, respectively.
Technical change is defined as the “frontier-shift effect reflecting the change in the efficient frontiers
between the two time periods.” Technical change >1 stands for technical progress, and technical
change <1 shows technical regress. Total productivity change is used to estimate changes in the
overall productivity of each DMU over time measured by the Malmquist Productivity Index (MPI).
MPI >1 indicates a productivity increase, MPI = 1 indicates productivity does not change, and MPI <1
means that productivity decreases. The major cause of productivity improvement can be ascertained
by comparing the values of the efficiency change and technological change indexes. Put differently,
the productivity losses described can be the result of either efficiency declines or technical regresses,
or both.

3. Empirical Results

3.1. Data Collection

According to data obtained from the Enerdata Yearbook 2018 [29], there are 26 countries that have
CO2 emissions higher than 200 metric tons (MT) in the year 2017. Those countries were Australia, Brazil,
Canada, China, Egypt, France, Germany, India, Indonesia, Iran, Italy, Japan, Kazakhstan, Malaysia,
Mexico, Poland, Russia, Saudi Arabia, South Africa, South Korea, Spain, Taiwan, Thailand, Turkey,
United Kingdom, and United States. However, due to the data access limitation for Taiwan figures,
this study selected 25 out of the 26 countries as the research sample. Based on the related literature
review, three inputs (labor, capital, total energy consumption) and two outputs (GDP and emissions)
were usually employed.

In this study, defined energy efficiency refers to using economic and energy resources to promote
the growth of GDP while reducing greenhouse gas emissions [24]. Therefore, an economic indicator
such as labor force and capital stock together with energy input-energy consumption were selected as
inputs, while GDP and greenhouse gas emissions were selected as desirable output and undesirable
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output, respectively. Since data regarding capital stock cannot be found directly in any one source,
we used data regarding gross capital formation (constant 2010 US$) to represent the indicator for
capital. In addition, among several kinds of emissions, CO2 is currently capturing the most attention.
Thus, CO2 emissions were chosen as the representative of bad output in this study.

Data for this research were collected for the eight-year period from 2010 to 2017. Data regarding
gross capital formation and labor force, as well as GDP values, were provided by The World Bank’s
data [30], while data regarding energy consumption and CO2 emissions were gathered from the
Enerdata Yearbook 2018 [29]. A summary of inputs and outputs is presented in Table 1 regarding the
maximum value, minimum value, average, and standard deviation of each indicator.

Table 1. Summary for the research samples during 2010–2017.

Year Variables

Inputs Outputs

Non-Energy Energy Desirable Undesirable

Gross Capital
Formation (constant

2010 billion US$)

Labor Force
(Million
people)

Energy
Consumption

(Mtoe)

GDP (constant
2010 billion US$)

CO2
Emissions

(Metric Ton)

2010

Max 2904.64 779.96 2536.55 14,964.37 7711.61

Min 37.56 8.72 69.11 148.05 183.72

Average 530.95 88.34 403.96 2139.32 1011.10

SD 723.90 168.04 605.82 3025.83 1710.78

2011

Max 3190.24 782.57 2722.12 15,517.93 8432.95

Min 39.59 8.81 76.42 192.63 190.07

Average 562.96 88.84 411.75 2373.25 1044.23

SD 770.48 168.69 630.45 3207.72 1813.83

2012

Max 3432.35 784.48 2819.51 16,155.26 8612.91

Min 44.26 8.89 73.85 208.00 196.44

Average 581.39 89.45 418.76 2429.41 1056.96

SD 827.61 169.22 641.83 3372.71 1828.20

2013

Max 3760.89 785.75 2909.77 16,691.52 9026.22

Min 40.53 8.96 77.42 236.63 196.22

Average 603.27 90.23 424.41 2484.41 1078.71

SD 888.22 170.21 657.64 3501.11 1902.53

2014

Max 4043.34 786.57 2954.98 17,427.61 9069.56

Min 41.22 9.05 76.66 221.42 199.32

Average 628.60 90.95 430.84 2551.50 1086.09

SD 944.62 171.15 669.30 3688.52 1918.46

2015

Max 4297.51 787.07 2975.71 18,120.71 9095.10

Min 44.77 9.11 78.09 184.39 204.81

Average 645.57 91.64 431.23 2432.61 1083.54

SD 999.91 172.01 669.47 3859.93 1909.47

2016

Max 4570.85 787.05 3017.37 18,624.48 9085.94

Min 49.80 9.17 76.88 137.28 212.79

Average 655.77 92.51 435.72 2473.97 1089.65

SD 1036.39 172.82 676.55 3968.39 1906.72

2017

Max 4794.55 786.74 3104.87 19,390.60 9297.23

Min 55.44 9.23 80.18 159.41 217.88

Average 681.37 93.07 445.31 2621.80 1114.00

SD 1072.22 173.47 691.27 4171.29 1942.27

As the data in Table 1 show, the mean GDP of all 25 sample countries saw an increasing trend
during 2010–2014, then witnessed a drop from 2551.50 billion US$ in 2014 to 2436.61 billion US$
in 2015 and a recovery in the two consecutive years 2016 and 2017. Among these 25 countries,
the United States had the highest GDP, followed by China, whereas Kazakhstan showed the lowest
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GDP amount. Mean CO2 emissions experienced an increase during 2010–2017, except the minor 0.2%
decrease in 2015. China, the United States, and India were the top three emitting countries, whereas
Egypt was the country that emitted the lowest amount of CO2 emissions. China, India, and the United
States were also the three largest countries in terms of energy consumption and labor force. During
2010–2017, these 25 countries witnessed an increase in energy consumption, in the number of workers
in the labor force and in gross capital.

3.2. Energy Efficiency

In this study, DEA-Solver-Pro (software version 13 was used to measure energy efficiency. To deal
with the undesirable output, a DEA SBM was applied. According to Hu and Wang [27], the traditional
energy efficiency index only considers the energy consumption with respect to producing economic
output. However, energy alone cannot produce economic output. Thus, when evaluating energy
efficiency, energy should be put together with other inputs in order to produce a desired output [27].
Additionally, consuming energy also emits greenhouse gas emissions, an undesirable output. Therefore,
the bad output should be also included. To gain an insight into the different results between TFEE
and PFEE, two separate measures were carried out in this study. The results for TFEE and PFEE are
presented in detail in Tables 2 and 3, respectively.

Table 2 presents the energy efficiency obtained by using the multiple inputs to produce GDP and
emit CO2 emissions. The results show that six countries were efficient in terms of energy over the period
of 2010–2017 as the corresponding efficiency scores are “1”. This indicates that these six countries show
a more balanced development between GDP growth and CO2 emissions by using the input resources
more effectively than the others. It was observed that most developing countries showed a poorer
performance than that of developed countries. We, therefore, divided the sample observation into two
groups based on the Human Development Index (HDI) in the year 2017. We defined countries with an
HDI larger than 0.89 as developed countries. These included 10 countries: Australia, Canada, France,
Germany, Italy, Japan, South Korea, Spain, United Kingdom, and the United States. The developing
countries included 14 countries: Brazil, China, Egypt, India, Indonesia, Iran, Kazakhstan, Malaysia,
Mexico, Poland, Saudi Arabia, South Africa, Thailand, and Turkey. As mentioned above, there were
six efficient countries, of which four were developed countries (Australia, Spain, the United Kingdom,
and the United States) and two were developing countries (Egypt and Kazakhstan).

The average efficiency score of these 25 countries witnessed a fluctuating but decreasing trend,
where the average score decreased from 0.732 in 2010 to the bottom at 0.669 in 2015 and then continually
recovered to 0.719 and 0.728 in the two consecutive years 2016 and 2017, respectively. Moreover,
the average efficiency score of developed countries experienced a drop from 0.907 in 2010 to 0.901
in 2017, except for the increase to 0.911 in 2013. Although there was a decreasing trend, the mean
efficiency score of developed countries during 2010–2017 was quite stable. The same can be said
for developing countries with the continual fall of the efficiency score from 0.615 in 2010 to 0.612 in
2017; however, the decline was insignificant. In addition, it was observed that the lowest efficiency
score was in 2015 for both developed and developing countries. The reason for this was probably the
faster increase in the amount of CO2 emissions in that year than other years, while the share of GDP
was decreased. However, the results in Table 3 prove this phenomenon was mainly caused by the
decrease in GDP because the average efficiency score reached its lowest point despite the absence of a
bad output.

Furthermore, being the largest country in terms of emitting CO2, China saw the second smallest
energy efficiency score, 0.233, whereas India—the third largest CO2 emitter— was the country having
the poorest performance with an average score of 0.168.
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Table 2. Total-factor energy efficiency during 2010–2017.

DMU 2010 2011 2012 2013 2014 2015 2016 2017 Average

Australia 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Canada 0.721 0.689 0.680 0.643 0.627 0.622 0.652 0.635 0.659
France 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Germany 0.881 0.881 0.840 1.000 0.928 0.741 0.837 0.885 0.874
Italy 1.000 1.000 1.000 1.000 1.000 0.937 1.000 1.000 0.992

Japan 1.000 1.000 1.000 1.000 0.748 0.644 1.000 1.000 0.924
South Korea 0.471 0.456 0.453 0.463 0.467 0.483 0.501 0.495 0.474

Spain 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
United Kingdom 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

United States 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Developed Countries 0.907 0.903 0.897 0.911 0.877 0.843 0.899 0.901 0.892

Brazil 0.651 0.657 0.599 0.526 0.479 0.461 1.000 1.000 0.672
China 0.178 0.199 0.221 0.247 0.255 0.259 0.248 0.256 0.233
Egypt 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
India 0.163 0.158 0.156 0.157 0.155 0.171 0.187 0.200 0.168

Indonesia 0.381 0.399 0.386 0.375 0.350 0.369 0.394 0.394 0.381
Iran 0.369 0.395 0.415 0.362 0.334 0.363 0.388 0.369 0.374

Kazakhstan 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000
Malaysia 1.000 1.000 1.000 1.000 0.915 0.895 0.838 0.818 0.933
Mexico 0.523 0.500 0.497 0.504 0.505 0.497 0.481 0.510 0.502
Poland 0.730 0.722 0.725 0.767 0.758 0.748 0.774 0.774 0.750
Russia 0.295 0.306 0.327 0.348 0.318 0.277 0.274 0.300 0.306

Saudi Arabia 0.998 0.675 0.643 0.641 0.600 0.553 0.600 0.608 0.665
South Africa 0.596 0.591 0.567 0.530 0.514 0.525 0.566 0.691 0.573

Thailand 0.578 0.579 0.557 0.554 0.578 0.610 0.667 0.759 0.610
Turkey 0.757 0.671 0.683 0.682 0.606 0.583 0.571 0.497 0.631

Developing 0.615 0.590 0.585 0.579 0.558 0.554 0.599 0.612 0.587

Average 0.732 0.715 0.710 0.712 0.686 0.669 0.719 0.728 0.709

Table 3 demonstrates that by taking only energy as the input to produce GDP, there are two
efficient countries and both of them are from the developed group (the United Kingdom and the
United States) Initially, it was expected that without considering other inputs and undesirable outputs,
the efficiency score would on average be higher and the number of efficient DMU would be greater.
However, the results in Tables 2 and 3 are the opposite of the initial expectation. The results imply the
effective utility of joining economic and energy resources to grow GDP and reduce CO2 emissions.

Additionally, the average efficiency score of both developed and developing countries saw a
decline during 2010–2017, which is consistent with the results in Table 2. This implies that the decrease
in energy efficiency of these 25 countries is largely due to the slower growth of GDP in later years
in comparison to previous years. Moreover, a big gap in efficiency score between the developed
and developing group can be seen, which implies that the sample developed countries had a better
performance in terms of energy efficiency than the developing ones.

Moreover, Table 3 indicates that in terms of using only energy as an input to produce GDP, India
is the country having the poorest performance, followed by Russia and China. China and India
together account for about 36% of the global population and more than 25% of the world demand
for primary energy as well as one-third of the world’s CO2 emissions [31]. Although these two
countries witnessed a better development of their GDP year over year during 2010–2017, their energy
consumption and CO2 emissions continued to grow, leading them to being the two worst countries in
terms of energy efficiency. The average energy efficiency of developed and developing countries is
presented in Figure 1, while Figure 2 illustrates the performance of China and India vs. the average of
the 25 countries in terms of TFEE and PFEE.
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Table 3. Particular-factor energy efficiency during 2010–2017.

DMU 2010 2011 2012 2013 2014 2015 2016 2017 Average

Australia 0.899 0.951 1.000 1.000 0.944 0.955 0.925 0.951 0.953
Canada 0.527 0.524 0.536 0.519 0.471 0.473 0.475 0.473 0.500
France 0.846 0.824 0.775 0.785 0.713 0.661 0.704 0.715 0.753

Germany 0.893 0.848 0.791 0.924 0.929 0.753 0.818 0.903 0.857
Italy 1.000 1.000 0.982 1.000 0.990 0.910 0.951 0.962 0.974

Japan 1.000 1.000 1.000 1.000 1.000 0.885 1.000 1.000 0.986
South Korea 0.440 0.429 0.422 0.425 0.420 0.428 0.438 0.443 0.431

Spain 1.000 1.000 0.943 1.000 1.000 0.954 1.000 1.000 0.987
United Kingdom 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

United States 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000 1.000

Developed Countries 0.861 0.858 0.845 0.865 0.847 0.802 0.831 0.845 0.844

Brazil 0.681 0.697 0.645 0.596 0.518 0.461 0.494 0.524 0.577
China 0.226 0.266 0.304 0.386 0.419 0.424 0.408 0.428 0.358
Egypt 0.988 1.000 0.974 1.000 0.987 1.000 1.000 0.961 0.989
India 0.206 0.199 0.190 0.182 0.171 0.176 0.182 0.187 0.187

Indonesia 0.459 0.500 0.483 0.466 0.439 0.444 0.464 0.464 0.465
Iran 0.414 0.426 0.412 0.380 0.353 0.344 0.361 0.358 0.381

Kazakhstan 1.000 0.988 1.000 0.950 1.000 1.000 1.000 1.000 0.992
Malaysia 0.996 1.000 0.994 0.890 0.892 0.916 0.892 0.916 0.937
Mexico 0.634 0.617 0.590 0.594 0.599 0.601 0.589 0.625 0.606
Poland 0.837 0.855 0.872 0.879 0.924 0.892 0.892 0.900 0.881
Russia 0.195 0.216 0.226 0.230 0.196 0.170 0.171 0.179 0.198

Saudi Arabia 0.467 0.523 0.475 0.494 0.442 0.416 0.432 0.443 0.461
South Africa 0.562 0.576 0.586 0.578 0.556 0.558 0.572 0.622 0.576

Thailand 0.662 0.680 0.645 0.606 0.614 0.607 0.632 0.658 0.638
Turkey 0.916 0.873 0.849 0.873 0.824 0.777 0.766 0.695 0.822

Developing 0.616 0.628 0.616 0.607 0.596 0.586 0.590 0.597 0.604

Average 0.714 0.720 0.708 0.710 0.696 0.672 0.687 0.696 0.700

The findings of this study are similar to the results obtained by Liu and Liu [24], measuring the
energy efficiency of the top 20 CO2 emitting countries. The results of our study are also supported
by the study of Wang. [21], which evaluated the energy efficiency of 17 countries during 2010–2015,
and the study of Zhou [19], which measured the energy efficiency of APEC countries.

3.3. Energy Efficiency Improvement

Comparing efficiency levels between different time periods gives researchers a better view
of the change in efficiency over time, which enables them to assess how these changes influence
efficiency and can help partly in predicting the fluctuations of future performance [20]. To do this,
we applied the Malmquist Productivity Index in our study, which helps to calculate the change in
aggregate productivity over time. In this study, we examined the change in three groups: efficiency
change (EFFCH), technical change (TECHCH) and total productivity change (MPI). In this study,
DEA-Solver-Pro software was employed to calculate the Malmquist Input-oriented Variable return to
scale (I-V) model. Results obtained for both cases considering and without considering CO2 emissions
are presented in Table 4.

With economic inputs and undesirable outputs, the Malmquist Productivity Index result showed
that the average efficiency change of all 25 countries was 1.056, indicating a 5.6% increase in efficiency.
However, the average technical change decreased by 5.6%. The improvement in efficiency and
the technical regress resulted in a 1.3% loss in total productivity. This result also revealed that,
generally, efficiency change had more impact than the technical change in terms of contribution to total
productivity improvement. Results obtained showed an opposite change with developed countries
compared to the developing countries group. Most of the developed countries experienced a decline
of efficiency with the average change of 10 countries lower than 1; consequently, the average efficiency
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decreased 2.2%, whereas the group of developing countries had an average score higher than 1–1.108,
representing a 10.8% improvement in terms of efficiency. The average technical change of the developed
countries was 1.002, indicating an insignificant 0.2% improvement in efficiency. In contrast, the average
technical change of the developing countries was equal to 0.906, implying a drop of 9.4%. As a result,
the average total productivity change of both developed and developing countries witnessed a minor
loss of 2.1% and 0.7%, respectively.

Table 4. Energy efficiency improvement during 2010–2017.

DMU
TFEE PFEE

EFFCH TECHCH MPI EFFCH TECHCH MPI

Australia 1.031 0.993 1.024 1.058 0.997 1.054
Canada 0.981 1.01 0.991 0.898 1.045 0.938
France 0.909 1.02 0.927 0.846 1.241 1.049

Germany 1.009 1 1.009 1.011 1.084 1.096
Italy 0.987 1.012 0.999 0.930 1.126 1.047

Japan 0.911 1.052 0.958 0.743 1.118 0.830
South Korea 0.985 1.018 1.002 1.006 1.006 1.012

Spain 0.984 1.008 0.993 0.955 1.029 0.983
United Kingdom 0.98 1.006 0.986 1.247 1.101 1.372

United States 1 0.902 0.902 1.000 1.155 1.155

Developed Countries 0.978 1.002 0.979 0.969 1.090 1.054

Brazil 1.785 0.751 1.34 0.770 1.127 0.868
China 1 0.944 0.944 1.894 1.129 2.138
Egypt 1.039 0.76 0.79 0.972 0.880 0.856
India 1.211 0.962 1.165 0.907 1.142 1.035

Indonesia 1.078 0.936 1.009 1.010 0.965 0.974
Iran 1.078 1.047 1.128 0.863 0.916 0.791

Kazakhstan 1.036 0.826 0.855 1.016 0.858 0.872
Malaysia 0.847 0.887 0.751 0.919 0.889 0.818
Mexico 0.972 0.95 0.923 0.986 0.986 0.972
Poland 0.989 0.901 0.891 1.074 0.921 0.990
Russia 1.09 0.951 1.037 0.916 1.031 0.944

Saudi Arabia 1.098 1.001 1.099 0.949 0.934 0.887
South Africa 1.064 0.939 1 1.107 0.902 0.998

Thailand 1.455 0.774 1.126 0.995 0.907 0.902
Turkey 0.873 0.959 0.838 0.758 0.958 0.727

Developing 1.108 0.906 0.993 1.009 0.970 0.985

Average 1.056 0.944 0.987 0.993 1.018 1.012

Furthermore, the results of individual countries indicated that there were countries showing
energy efficiency improvements such as Germany, South Korea, India, Brazil, Indonesia, Iran, Russia,
Saudi Arabia, and Thailand. In conclusion, although there were some countries witnessing an
improvement in terms of energy efficiency, the growth was insignificant.

Regarding particular-factor energy efficiency, the average efficiency change score and the technical
change score for all 25 countries were 0.993 and 1.018, respectively. Values of 0.07% lower in efficiency
and 1.8% higher in technical efficiency led to a 1.2% increase in total productivity. The measurement of
developed countries indicated the decrease in efficiency change and the growth of technical efficiency.
The opposite results were observed for the developing countries, which showed progress in terms of
efficiency but a decrease in technical change. Total productivity of the developed countries increased
by 5.4% and that of developing countries decreased by 1.5%.

Moreover, the Malmquist results showed a 1.2% progress regarding energy efficiency improvement.
Most of the developed countries (except Canada, Japan, and Spain) experienced energy improvement.
In contrast, the results of developing countries indicated that only two countries had efficiency
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progress, namely, China and India. India experienced an improvement in both TFEE and PFEE,
which implied that India achieved a better balance between GDP growth and CO2 emission reduction
during 2010–2017. On the other hand, China witnessed the rapid 113.8% improvement only in PTEE,
indicating that China performed well in terms of using energy to promote the growth of GDP. However;
using a large amount of energy also costs that country a huge quantity of greenhouse gas emissions,
which significantly affects the TFEE.

4. Discussion and Conclusions

This study employs a DEA SBM and the Malmquist Productivity Index to assess the energy and
environment efficiency as well as energy efficiency improvement of the top 25 countries on the list of
countries having CO2 emissions during 2010–2017. To measure energy and environment efficiency,
we used a joint production framework of both non-energy inputs (gross capital formation, labor
force) and energy input (energy consumption) to promote a desirable output (GDP) and reduce an
output (CO2 emissions). We first obtained energy and environment efficiency results by applying the
DEA SBM in two separate cases: (1) considering undesirable outputs and (2) without considering
undesirable output; and then, the comparison is made. Second, the Malmquist Productivity Index was
used to measure the change in efficiency over the period of 2010–2017.

Results obtained using the SBM for total-factor energy efficiency and particular-factor energy
efficiency confirmed that by using the same input resources, developed countries were more effective
in promoting GDP growth and reducing CO2 emissions than developing countries. The results of this
step also indicated that the performance of the top 25 CO2 emitters showed a decrease caused by GDP
slowdown during 2010–2017. Additionally, the big gap in energy efficiency between the developed
and developing groups can be seen in both TFEE and PFEE. This means that the developing group
was less efficient than the developed one, not only in terms of using energy to promote the growth of
GDP but also with respect to joining multiple economic and energy inputs to elevate GDP and reduce
CO2 emissions.

Results of the Malmquist Productivity Index for TFEE denote that, as a general observation, the 25
sample countries showed no evidential energy enhancement which was proved by the MPI score
lower than 1 during 2010–2017. However, Germany, South Korea, India, Brazil, Indonesia, Iran, Russia,
Sau Arabia, and Thailand witnessed an improvement in terms of energy efficiency, but the growth was
insignificant. On the contrary, the Malmquist result for PFEE confirms efficiency improvement in most
developed countries and two developing countries (China and India).

Furthermore, our findings revealed that while India experienced a better balance between GDP
growth and CO2 emission reduction during 2010–2017, China only witnessed the rapid growth of GDP
by consuming a lot of energy; however; using a huge amount of energy also cost that country the very
low efficiency score. caused mainly by the massive amount of CO2 emissions.

Our findings provide important policy implications. By measuring the efficiency with and without
undesirable output, the results of our study reveal the downward trend of the efficiency score, caused
mostly by the slowdown of GDP in the majority of these 25 countries during 2010–2017, which implies
that these countries should pay more attention to effectively utilizing economic and energy inputs
in order to promote GDP growth. Moreover, lower efficiency scores of the developing countries,
especially China, India, Iran, Indonesia, and Russia, denote that more efforts should be made by these
countries to improve energy efficiency. One of the solutions to enhance energy efficiency is attempting
to not increase input resources in order to maintain economic growth [6]. In addition, a carbon tax has
a significant influence on energy efficiency [17]. Therefore, applying a carbon tax is one of the key
solutions to achieve energy efficiency targets. Moreover, one aspect of energy efficiency is to reduce the
use of fossil fuels; therefore; renewable energy resources are very important. These countries should
reconsider their energy resources and policies. Furthermore, the findings of this research illustrated
that developed countries, in general, showed better energy efficiency than developing countries.
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Therefore, sharing and transferring the experience, knowledge, and technology from efficient countries
to inefficiency ones should be considered as one of the solutions.

As mentioned above, the gap in energy efficiency between developed countries and developing
countries is notable. This gap is probably caused by the inputs and outputs used or is perhaps affected
by external environmental factors. Therefore, it is one of the limitations of this study and future
research should examine if energy efficiency is affected by external factors. Moreover, findings of
this study found a difference between TFEE and PFEE; however, this difference has not been tested
for robustness. Therefore, it is suggested that future research should seriously include a sensitivity
analysis in order to determine the robustness of the efficiency score.

Author Contributions: Lai-Wang Wang contributed to designing the research and analysis tools; Ke-Duc Le
collected the data and wrote the paper; Thi-Duong Nguyen checked and revised the paper. All authors read and
approved the final manuscript.

Funding: This research received no external funding.

Acknowledgments: We, the authors are very grateful to the Editors and reviewers for their interest in our
manuscript. The authors highly appreciate the constructive comments and suggestion given by the Editors and
reviewers on the earlier version of this manuscript.

Conflicts of Interest: The authors declare no conflict of interest.

Abbreviations

The following abbreviations are used in this manuscript:

DEA Data envelopment analysis
DMUs Decision-making units
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APEC Asia-Pacific Economic Cooperation
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EFFCH Efficiency change
TECHCH Technical change
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Index)
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