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Abstract
Ecological problem is one of the core issues that restrain China’s economic development at present, and it is urgently needed to be
solved properly and effectively. Based on panel data from 30 regions, this paper uses a super efficiency slack-based measure
(SBM) model that introduces the undesirable output to calculate the ecological efficiency, and then uses traditional and
metafrontier-Malmquist index method to study regional change trends and technology gap ratios (TGRs). Finally, the Tobit
regression and principal component analysis methods are used to analysis the main factors affecting eco-efficiency and impact
degree. The results show that about 60% of China’s provinces have effective eco-efficiency, and the overall ecological efficiency
of China is at the superior middling level, but there is a serious imbalance among different provinces and regions. Ecological
efficiency has an obvious spatial cluster effect. There are differences among regional TGR values. Most regions show a
downward trend and the phenomenon of focusing on economic development at the expense of ecological protection still exists.
Expansion of opening to the outside, increases in R&D spending, and improvement of population urbanization rate have positive
effects on eco-efficiency. Blind economic expansion, increases of industrial structure, and proportion of energy consumption
have negative effects on eco-efficiency.

Keywords Ecological efficiency . Super efficiency SBMmodel .Malmquist index .Metafrontier-Malmquist index . Technology
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Introduction

In 2015, a successful global climate conference in Paris,
France, unanimously adopted, the epoch-defining BParis

Agreement.^ The Chinese government solemnly promised at
the conference that China will firmly implement the BParis
Agreement^ and continue to provide China’s solution, con-
tribute China’s wisdom, and expand China’s operations to
cope with global climate change as well as strengthen global
climate governance. However, China is also facing unprece-
dented ecological challenges. Since its reform and opening,
China’s economy has maintained good growth and is becom-
ing the engine of world economic growth in the twenty-first
century. However, the predatory exploitation and use of natu-
ral resources has not only caused excessive consumption and
serious waste, but also great environmental pollution and
damage; water safety, soil pollution, and other issues occur
frequently. In 2014, China’s utilization efficiency is low, with
considerable waste of resources. The average output value of
energy intensity per 10,000 GDP is much higher than that of
the world average. It is equivalent to 1.3 times of that of the
USA, 1.9 times of that of Japan, and 2.0 times of that of the
European Union. In 2015, China’s total investment in envi-
ronmental pollution control has reached as high as 880.63
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billion yuan, accounting for 1.28% of the annual GDP.
However, pressure for addition pollution control continues
to increase. The PM2.5 index, nitrogen dioxide index, and
other indicators were greatly exceeded in China. In the
B2016 Environmental Performance Index (EPI) report^ rank-
ing published byYale University, China ranked second among
the 180 countries surveyed with PM2.5 index, nitrogen diox-
ide index, and other indicators that greatly exceeded the stan-
dard limit. Therefore, solving the ecological problems is the
key to achieving sustainable economic, social, and ecological
development and is an important cornerstone for realizing the
promise of the Paris Agreement.1

Schaltegger and Sturm (1990) first proposed the concept of
Beco-efficiency^ in 1990 to measure the impact of resources
and the environment on economic activities. The World
Business Council for Sustainable Development (WBCSD)
(Schmidheiny, 1992, Stigson, 1999, Schmidheiny and
Stigson, 2000, Stigson 2001) presented the currently widely
accepted definition of Beco-efficiency,^ which provides bid-
ding products and services that meet human needs and im-
proves quality of life, and, at the same time, reduces the eco-
logical impact and resource intensity of the entire life cycle to
a level that is at least consistent with the estimated carrying
capacity of the Earth. With continued progress of the research,
this concept has been gradually simplified to Bachieve more
value with less cost^ (Litos et al. 2017).

At present, research on ecological efficiency is broadly
divided into three dimensions: Decompose eco-efficiency into
resource efficiency and environmental efficiency, and conduct
research on one of the sub-sectors separately; or consider eco-
efficiency as a whole, and study its changing trends and major
influencing factors. Scholars have made some achievements
in the study of resource efficiency (RE) and environmental
efficiency (EE): (1) Research on resource efficiency focuses
on calculating energy efficiency. Liu et al. (2015) andMa et al.
(2017) performed studies from the perspective of the total
factor and used the SBM model and Malmquist index to
calculate the total factor energy efficiency of western China
and the three northeastern provinces. Wang et al. (2014) and
Zhang et al. (2015) further revealed the spatial and temporal
variability of energy efficiency and the influencing factors and
proposed key policy direction of energy efficiency improve-
ment in China based on the data envelopment analysis (DEA)
method for measuring energy efficiency. (2) Studies of envi-
ronmental efficiency are focused on calculating environmen-
tal efficiency values at different levels and analyzing of
influencing factors: Wang et al. (2010a, b) used the SBM
directional distance function and the Luenberger
productivity index, whereas Wang et al. (2010a, b) and Zeng
(2011) used the DEA method and Tobit model to measure the

environmental efficiency of 30 provinces in China and ana-
lyzed the effects of influencing factors.

However, ecological efficiency is not a simple summary of
environmental efficiency and ecological efficiency, nor is it a
one-sided research to replace ecological efficiency. Therefore,
a more comprehensive study of ecological efficiency from a
holistic and systematic perspective is needed. The systematic
research on eco-efficiency in China is still in an elementary
stage. Existing research results involve very few fields and are
mainly concentrated on the calculation of efficiency values of
ecological efficiency and analysis of space-time differences:
Pan et al. (2013) used Gray correlative degree analysis,
Yang et al. (2014) used a super-efficient DEA method, and
Li (2016) used the random frontier model. They all used a
spatial statistical model to conduct an empirical analysis of
the spatial correlation, change mechanism, and influencing
factors of the ecological efficiency of provincial regions in
China. However, research of eco-efficiency by foreign
scholars is relatively wide-ranging, covering manufacturing,
commerce, agriculture, the economy, and the environment.

Regarding the calculation of eco-efficiency values, most
scholars have adopted traditional or improved DEA models:
Lee and Park (2017) proposed an extended DEA model that
allows the decision maker to evaluate eco-efficiency, appro-
priately depending on the business environment. Other
scholars combine DEA with life cycle assessment (LCA).
Gumus et al. (2016) used an integrated input-output life cycle
assessment (LCA) and a multi-criteria decision-making
(MCDM) approach to perform an eco-efficiency evaluation
of 276 US manufacturing sectors. Egilmez et al. (2016),
Masuda (2016), Lijó et al. (2017), and Ullah et al. (2016) all
measured eco-efficiency differently. Egilmez used a fuzzy da-
ta envelopment analysis model that was coupled with an
input-output-based life cycle assessment approach to perform
a sustainability performance assessment of 33 food-
manufacturing sectors. Masuda and Lijó measured the eco-
efficiency of wheat production in Japan at a regional scale
using a combined methodology and proposed measures to
improve eco-efficiency based on the goal of effectively oper-
ating factories. Ullah used data envelopment analysis to inte-
grate the economic and environmental performance deter-
mined through life cycle assessment. In addition, some
scholars have adopted the stochastic frontier analysis (SFA):
Orea andWall (2017) used a stochastic frontier analysis (SFA)
method that not only controls random noise in the data but
also analyzes the potential for substitution between environ-
mental pressures. Carvalhaes et al. (2017) assessed the eco-
logical efficiency of locomotives based on the indicators of the
World Business Council for Sustainable Development
(WBCSD).

Under the data envelopment model (DEA), the accuracy of
eco-efficiency measurement is highly related to the quality of
input-output indicators selected: Yang (2009) brought Bthree1 Date received: 2017–11-25
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industrial wastes^ into the input indicators, whereas Chen
et al. (2009) added two input indicators: regional total energy
consumption and regional total production power consump-
tion based on the Bthree industrial wastes^ index. Wang et al.
(2011) added four indicators on the basis of the Bthree indus-
trial wastes^ index, namely, arable land, construction land
area, total water consumption, and energy consumption;
regional GDP was chosen as the output indicator to calculate
ecological efficiency. Passetti and Tenucci (2016) analyzed
environmental planning, business strategy, operational prac-
tices, environmental management system certification, and
environmental management accounting as factors that affect
ecological efficiency. Based on consideration of the negative
impacts, Gumus et al. (2016) proposed five environmental
impact categories including greenhouse gas emissions, energy
use, water use, hazardous waste generation, and toxic emis-
sions and defined economic output as a position output. It
should also be pointed out that the traditional DEA method
has certain defects in the processing of undesired outputs.
Although some scholars tried to use the method of reciprocal
indicators to process data, they were still using input indica-
tors of pollutant discharge (such as Bindustrial wastes^) that
reflect pollutions that are included in the input indicators.
These indicators were confused with the real energy input
indicators such as water and electricity, which results in a
significant error in the accuracy of eco-efficiency measure-
ment. Therefore, we need to consider some negative factors
in the analysis by introducing a DEAmethod with undesirable
output in the study of ecological efficiency.

In the research on the relationship between ecological effi-
ciency changes and technological progress, the Malmquist
index method under traditional thinking is still the top choice
for most scholars. However, this evaluation method urgently
requires new breakthroughs. Beltrán-Esteve (2017) used a
metafrontier (MF) directional distance function (DDF) meth-
od to assess the technical and managerial differences in eco-
efficiency between production systems. The method of
metafrontier (MF) can help us to solve the ecological and
technological problems of technology and management by
comparing the ecological efficiency of two agricultural sys-
tems. For Moutinho’s (Moutinho et al. 2017) analysis, once
DEA results (eco-efficiency scores) were analyzed, the
Malmquist productivity index (MPI) was used to assess the
time evolution of the technical efficiency, technological
efficiency, and productivity. When analyzing the results of
interprovincial energy efficiency calculations, Zhang (2015)
applied the common frontier approach to verify the heteroge-
neity of different groups to obtain the differences among the
group’s technical efficiency and the common frontier
technical efficiency. In addition, Ma and Wang (2015) and
Wang and Meng (2015) also used the metafrontier-
Malmquist-Luenberger productivity index in their research
to measure changes in total factor productivity and the

technology gap ratio. Thus, it is seen that the Malmquist index
under the metafrontier approach analyzes dynamic changes of
efficiency more deeply, and the technology gap ratio (TGR)
between the same DMU and the cluster boundary under the
same DMU can measure how close the current production
technology level is to the potential level (Ma andWang 2015).

Due to strong truncated characteristic, many scholars use
ecological efficiency as an explanatory variable in the Tobit
regression method to explore its main influencing factors of
eco-efficiency and the degree of impact. Passetti and Tenucci
(2016) used environmental planning, business strategy, oper-
ational practices, environmental management system certifi-
cation, and environmental management accounting as factors
that influence eco-efficiency. However, their selection criteria
are biased toward business/management ecological values.
Other scholars are more inclined to tap into the economic/
ecological sustainable development potential: Wu and Ma
(2016) selected factors such as economic scale, industrial
structure, regional factors, and regional dummy variables.
Chen (2017) selected the urbanization level, industrial struc-
ture, environmental protection, and technological innovation
level of the population. Wang and Fang (2017) selected fac-
tors such as population size, economic scale, industrial struc-
ture, openness to the outside world, science and technology
level, and environmental regulation and finally analyzed the
promotion/suppression effects of various factors on ecological
efficiency based on the regression results eventually.

In summary, this article makes innovations in the fol-
lowing aspects: First, the system extracts and integrates
outstanding research results of resource efficiency (RE)
and environmental efficiency (EE), and integrates frontier
research concepts and methods into ecological efficiency.
This paper, based on China’s national and regional levels,
explores and analyzes the potential ecological issues be-
hind China’s rapid economic development. Second, this
research builds a more scientific eco-efficiency measure-
ment system and selects more practical input and output
indicators. At the same time, the undesired output is in-
troduced into the super-efficient SBM model, and the tra-
ditional DEA model is reconstructed. On the one hand,
the negative effects brought by unintended output to the
ecological environment are more realistically displayed,
and on the other hand, the feasibility and accuracy of
the results of the SBM model calculation are maximized.
Third, based on the traditional Malmquist index, a com-
mon frontier is introduced to improve it. Then, the trend
of ecological efficiency and technological progress is
compared in Malmquist index results under two different
ideas to analyze the trend between eco-efficiency changes
and technological advancement. More importantly, this
paper uses innovative technical gap ratio (TGR) to mea-
sure the technological gaps of production units under dif-
ferent technological frontiers, making the Malmquist
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index more economical and in-depth analysis space under
the common frontier thinking. Fourth, based on the results
of the Tobit regression analysis, the PCA method is used
to rationally integrate the main influencing factors,
resulting in a more holistic and representative comprehen-
sive index. Therefore, it is more convenient and in-depth
to explore and examine the links between different
influencing factors and its specific degree of influence.
On this basis, this paper selects cross-sectional data of
30 provinces, municipalities, and autonomous regions in
China (excluding Tibet, Hong Kong, Macao, and Taiwan)
and uses the optimized super-efficient SBM model, which
introduces undesirable output, to measure the ecological
efficiency of China; then, this paper uses the Malmquist
index method under the traditional and common frontiers
as well as the technical gap ratio (TGR) to investigate the
changing trend of ecological efficiency, and finally, the
Tobit regression analysis and the principal component
analysis method are used to explore and test the main
factors that affect ecological efficiency as well as the ef-
fect degree of each factor, summarize experience and find
out problems, and strive to achieve coordinated, sustain-
able development of China’s economy, society, and ecol-
ogy better.

Material and methods

Super efficiency SBM model introducing undesirable
outputs

Tone proposed a non-radial DEAmodel in 2002—a method for
evaluating DMUs efficiency based on slack-based measure
(SBM). In contrast to the traditional BCC and CCR models,
the SBMmodel directly incorporates the slack variable into the
objective function, making the economic objective of the SBM
model to maximize the actual profits, not just maximize the
proportion of benefits. In the same year, Tone also proposed a
super-efficient SBM model, which can be used to evaluate the
effective DMUs of SBM. With this model, we can make up for
the defects that cannot be calculated for all DMUs efficiency
values. Super-efficient SBM evaluation first requires evaluation
of DMUs using the SBM model, and then uses super-efficient
SBM to evaluate the effective DMUs for SBM.

To be consistent with actual production to the maximum, the
undesirable output is introduced into the super-efficient SBM in
this paper, so that we can obtain an improved super-efficient SBM
model that considers undesirable output. There are nDMUs, and
each DMU is composed of three elements: input—m, desirable
output—r1, and undesirable output—r2. The form of the vector is

expressed as x∈Rm; yd∈Rr1 ; yu∈Rr2 ;X ; Yd , and Yu are matrices,
X ¼ x1;⋯; xn½ �∈Rm�n; Yd ¼ yd1 ;⋯; ydn

� �
∈Rr1�n, and

Yu ¼ yu1;⋯; yun
� �

∈Rr2�n, assuming that these data are positive
numbers. The SBM model is shown below:

minρ ¼
1− 1=mð Þ ∑

m

i¼1
w−
i =xik

� �

1= r1 þ r2ð Þ ∑
s¼1

r1
wd
s =y

d
sk þ ∑

q¼1

r2
wu
q=y

u
qk

 !

s:t: xik ¼ ∑
n

j¼1
xijλ j þ w−

i i ¼ 1;⋯;m

ydsk ¼ ∑
n

j¼1
ydsjλ j−wd

s s ¼ 1;⋯; r1

yuqk ¼ ∑
n

j¼1
yuqjλ j þ wu

q q ¼ 1;⋯; r2

λ j > 0 j ¼ 1;⋯; n
w−
i ≥0 i ¼ 1;⋯;m

wd
s ≥0 s ¼ 1;⋯; r1

wu
q≥0 q ¼ 1;⋯; r2

ð1Þ

If and only if ρ=1, that is w-=0,wd=0,wu=0, then DMUk is
effective for SBM. When discussing super efficiency SBM,
this thesis defines that DMUk is valid for SBM. The super-
efficient SBMmodel with undesirable output is shown below:

minρ ¼
1=m ∑

m

i¼1
x=xik
� �

1= r1 þ r2ð Þ ∑
s¼1

r1
yd=ydsk þ ∑

q¼1

r2
yu=yuqk

 !

s:t: x≥ ∑
n

j¼1;≠k
xijλ j i ¼ 1;⋯;m

yd ≤ ∑
n

j¼1;≠k
ydsjλ j s ¼ 1;⋯; r1

yu≥ ∑
n

j¼1
yuqjλ j q ¼ 1;⋯; r2

λ j > 0 j ¼ 1;⋯; n

x≥xk i ¼ 1;⋯;m

yd ≤ydk s ¼ 1;⋯; r1
yu≥yuk q ¼ 1;⋯; r2

ð2Þ

Directional distance function and Malmquist productivity
index

Malmquist productivity index

Malmquist index under traditional thinking

The Malmquist index method is based on the DEA meth-
od. The total factor productivity can be decomposed into
technological progress rate changes, pure technical effi-
ciency changes, scale efficiency changes, and so on.
This can give us a better understanding of the composi-
tion of productivity. According to Fare et al. (1992, 1994),
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from the t period to the t + 1 period, the Malmquist index
can be expressed as:

M xtþ1; ytþ1; xt; yt
� �

¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Dt xtþ1; ytþ1ð Þ
Dt xt; ytð Þ � Dtþ1 xtþ1; ytþ1ð Þ

Dtþ1 xt; ytð Þ

s
ð3Þ

where Dt(xt, yt) and Dt+1(xt, yt) respectively refer to the
technology of period t as a reference (that is, the data in
the t period as a reference set) and the decision-making
unit of the distance function of periods t and t + 1 period;
Dt(xt+1, yt+1) and Dt+1(xt, yt) have similar meanings. The
Malmquist productivity index represents the degree of
change in productivity of a decision-making unit during
the period t to t + 1. If M > 1, it represents a productivity
rise; if M < 1, it represents a declining trend.

According to Fare et al.’s study under variable pay variable
(VRS) assumptions, the Malmquist productivity index is di-
vided into two parts: technical efficiency change (effch) and
technological change (techch), and effch can be further
decomposed into pure technical efficiency change (pech)
and scale efficiency change (sech). Therefore, Eq. (3) can be
decomposed into:

M xtþ1; ytþ1; xt; yt
� � ¼ Dtþ1 xtþ1; ytþ1jVRSð Þ

Dt xt; ytjVRSð Þ � D
tþ1 xtþ1; ytþ1jCRSð Þ

Dtþ1 xtþ1; ytþ1jVRSð Þ �

Dt xt; ytjVRSð Þ
Dt xt; ytjCRSð Þ �

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Dt xtþ1; ytþ1ð Þ
Dtþ1 xtþ1; ytþ1ð Þ �

Dt xt; ytð Þ
Dtþ1 xt; ytð Þ

s
¼ pech� sech� techch

ð4Þ
Malmquist index under the common front thinking

Based on the directional distance function of slack-based mea-
sure (SBM), the metafrontier idea was introduced to optimize
and improve the traditional Malmquist productivity index and
the metafrontier-Malmquist-Luenberger (MML) productivity
index was constructed (Wang Ling and Meng Hui 2015). The
optimal DMU that contains the directional distance function
of all the samples constitutes the metafrontier. When all the
samples are grouped, the optimal DMU of the SBM direction-
al distance function of the group constitutes the group bound-
ary. Under the metafrontier idea, the MML productivity index
between t and t + 1 is

MMLtþ1
t ¼

1þ Dtþ1
M xtk ; y

dt ; yu
t
; −xtk ; y

dt ;−yut
� �

1þ Dtþ1
M xtþ1

k ; ydtþ1
; yutþ1 ; −xtþ1

k ; ydtþ1
; −yutþ1

� ��
1þ Dt

M xtk ; y
dt ; yu

t
;−xtk ; yd

t
;−yut

� �
1þ Dt

M xtþ1
k ; yd

tþ1
; yutþ1 ;−xtþ1

k ; yd
tþ1
;−yutþ1

� �

2
6664

3
7775

1
2

ð5Þ

An MML value greater than 1 indicates that the productiv-
ity from t to t + 1 increases, and otherwise it decreases. Under
the VRS assumptions,MML can be further decomposed into a

technology improvement index (M_TECH) and a technology
efficiency change (M_EFFCH) as follows:

MMLtþ1
t ¼ M TECHtþ1

t �M EFFCHtþ1
t ð6Þ

M EFFCHtþ1
t

¼ 1þ Dt
M xtk ; y

dt ; yu
t
;−xtk ; y

dt ;−yut
� �

1þ Dtþ1
M xtþ1

k ; ydtþ1
; yutþ1 ;−xtþ1

k ; ydtþ1
;−yutþ1

� � ð7Þ

MMLtþ1
t ¼

1þ Dtþ1
M xtk ; y

dt ; yu
t
;−xtk ; y

dt ;−yut
� �

1þ Dt
M xtþ1

k ; ydtþ1
; yutþ1 ;−xtþ1

k ; ydtþ1
;−yutþ1

� ��
1þ Dtþ1

M xtþ1
k ; yd

tþ1
; yu

tþ1
;−xtþ1

k ; yd
tþ1
;−yutþ1

� �
1þ Dt

M xtþ1
k ; ydtþ1

; yutþ1 ;−xtþ1
k ; ydtþ1

;−yutþ1
� �

2
66664

3
77775

1
2

ð8Þ

M_TECH and M_EFFCH values greater than 1 indicate
that the DMU’s technology has progressed and efficiency
has increased toward the production possibility boundary;
M_TECH and M_EFFCH values less than 1 indicate that
the technology of DMU is regressive and inefficient, being
far from the production possibility frontier.

Similarly, we can calculate the total factor productivity in-
dex under the group boundary:

GMLtþ1
t ¼

1þ Dt
G xtk ; y

dt ; yu
t
; −xtk ; y

dt ;−yut
� �

1þ Dt
G xtþ1

k ; ydtþ1
; yutþ1 ; −xtþ1

k ; ydtþ1
; −yutþ1

� ��
1þ Dtþ1

G xtk ; y
dt ; yu

t
;−xtk ; yd

t
;−yut

� �
1þ Dtþ1

G xtþ1
k ; ydtþ1

; yutþ1 ;−xtþ1
k ; ydtþ1

;−yutþ1
� �

2
6664

3
7775

1
2

ð9Þ

Common border and group border
The technical gap ratio (TGR) refers to the same DMU

under the common border and group boundaries under the
technical efficiency of the difference. A greater value of
TGR indicates that the closer the actual production technology
used is to the potential overall production technology level,
the better the implied level of technology.

TGC ¼ TEM xt; yd
t
; yu

t
;−xt; yd

t
;−yut

� �
TEG xt; ydt ; yut ;−xt; ydt ;−yut

� �
¼ 1þ Dt

G xt; yd
t
; yu

t
;−xt; yd

t
;−yut

� �
1þ Dt

M xt; ydt ; yut ;−xt; ydt ;−yut
� � ð10Þ

In the above formula, TEM xt; yd
t
; yu

t
;−xt; yd

t
;−yut

� �
is the

technical efficiency under the common frontier, and relatively,

TEG xt; yd
t
; yu

t
;−xt; yd

t
;−yut

� �
is the technical efficiency under

the front of the group.

Tobit regression analysis and principal component
analysis

The eco-efficiency obtained using the SBM model is not
only affected by the selected inputs, the output indicators
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that are generated by the SBM model, but also by other
factors beyond the input, output indicators. Hengen et al.
(2016) used a hybridized model including CNES model-
ing, LCA, PCA, and economic analyses, through a nested
PCA to determine the relative contributing weight of each
impact and the environmental category of the overall
system. Bonfiglio et al. (2017) and Masternak-Janus
(2017) divided the research process into two stages.
Therefore, this paper uses the Btwo-stage method^ derived
from SBM analysis to measure the main influencing fac-
tors of eco-efficiency and the degree of impact. The first
step of this method is to evaluate the efficiency of the
DMU using the DEA model discussed above; the second
step is to take the efficiency value obtained in the first
step as the dependent variable and the influence factors as
an independent variable; then, establish a regression mod-
el and analyze the direction and degree of influencing
factors on eco-efficiency from the coefficient of the inde-
pendent variable; moreover, principal component analysis
is used to analyze the possible influencing factors and a
more accurate analysis is made by means of a comprehen-
sive index.

Tobit regression analysis is a variable-limited model. It is
always used when the dependent variable is the cut value or
fragment value, the eco-efficiency value is taken as a positive
variable, so the truncation point can be set to 0 without loss of
generality (Guo and Lu 2012, Xia et al. 2012, Tong et al.
2015). The Tobit regression model can be written as:

Y ¼ Y* ¼ αþ βX þ ε Y* > 0
0 Y*≤0

	
ð11Þ

where X is the independent variable vector; Y is the truncated
dependent variable vector; α is the intercept vector; β is the
regression parameter vector; and ε is the disturbance item,

ε~N(0, σ2). In the Tobit regression model, the efficiency value
as the dependent variable belongs to the truncated discrete
distribution data. When the dependent variable is a partial
continuous distribution or partial discrete distribution, ordi-
nary least squares (OLS) estimates of the parameters are bi-
ased, so the maximum likelihood (ML) method must be used.

Indicator selection and data sources

Taking the integrity and availability of data into consideration,
the scope of research in this paper includes 30 provinces,
municipalities, and autonomous regions (excluding Tibet,
Hong Kong, Macao, and Taiwan). Then, this paper uses an-
nual panel data ranging from 2011 to 2015. The research data
come from provinces, municipalities, and autonomous regions
for the period 2011–2016 in the China Statistical Yearbook
and the China Environment Yearbook.

On the one hand, during the calculation of ecological effi-
ciency value and Malmquist index analysis, the indicators
used in this paper include input indicators and output indica-
tors: the input indicators are divided into resource input indi-
cators, labor input indicators, and capital investment indica-
tors. Whereas, resource input indicators select the total
amount of water and energy consumption in each province;
labor input indicators select the sum of employed persons,
private enterprises, and individual employees in urban units;
and capital investment indicators select investment in fixed
assets. Output indicators are divided into desirable outputs
and undesirable outputs: desirable output indicators select
the GDP of each province; undesirable output can have a
negative effect, so we select the total emission of Bthree in-
dustrial wastes^. As shown in the following table:

Index selection of ecological efficiency value calculation

Project Category Specific indicators Remarks
Input

indicators
Resource input indicators Total water consumption

Total energy
consump-
tion

All types of energy consumption are
converted into standard coal

Labor input
indicators

The sum of the employed persons in urban
areas, private enterprises, and individual
employees

Due to lacking of educational level data, the
labor force is assumed to be no difference
in quality

Capital input
indicators

Investment in fixed assets Carry out constant price reduction taking year
2011 as for the base period

Output
indicators

Desirable output Gross regional domestic product Regional GDP (carry out constant price
reduction taking year 2011 as for the
base period)

Undesired
output

The “three industrial waste” emissions Waste water, waste gas, solid waste
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On the other hand, when analyzing the influential factors
and influence degree on eco-efficiency, this paper uses the
explanatory index (the explanatory variable of regression) as
the economic scale and chooses economic scale, industrial
structure (structure effects and technology effects are the fun-
damental factors that affect the dynamics of eco-efficiency
indicators (Yu et al. 2013)), degree of opening to the outside
world, scientific research, urbanization, energy consumption,
environmental governance, household consumption, and in-
dustrial pollution control (as shown in the following table).

Index selection of influencing factors of ecological
efficiency

Results of empirical analysis and discussion

Estimation of ecological efficiency in China

The scale pay of ecological efficiency of the provinces, mu-
nicipalities, and autonomous regions is generally considered
to be variable and we actively seek to minimize the input and
undesirable output to achieve higher efficiency based on the
existing desirable output. Therefore, the super-efficient SBM
model under the condition of VRS is used for comprehensive
analysis; the results obtained using MaxDea6.3 Professional
Edition software are presented in Table 1.

As seen from Table 1, 17 provinces, nearly 60% of the
total, have long-term ecological efficiency (with ecological
efficiency exceeding 1). The top five provinces in average
efficiency are Qinghai, Tianjin, Hainan, Beijing, and
Shanxi, respectively. At the same time, 13 provinces (over
40%) have long been ineffective in eco-efficiency, with
Chongqing, Hubei, Sichuan, Hunan, and Gansu the most
ineffective. Globally, the overall eco-efficiency of China is
at an upper moderate level. The relationship between eco-
logical environment and economic development is

basically in a good state, and the problem of a deteriorating
ecological environment has been relatively effectively
contained, but problems between the two still exist and
are at times prominent.

In previous studies, some researchers have already found that
the spatial distribution of ecological efficiency in various regions
shows some characteristics of spatial agglomeration (Yang et al.
2014) and the findings of Li et al. (2016) on eco-efficiency from
2004 to 2012 also show that spatial distribution pattern of region-
al differences in eco-efficiency of China is a generally positive
spatial correlation and the pattern of spatial aggregation is rela-
tively stable. As also seen from Fig. 1, the spatial distribution of

ecological efficiency has obvious cluster effect, and the ecolog-
ical efficiency of all North China, represented by Beijing and
Tianjin, and some of East China, represented by Shandong and
Shanghai, remained in an effective state during the study period
and was at the frontier of production. This shows that ecological
and economic coordination as well as sustainable development
has begun to take effect, and now, there is relatively good eco-
logical and economic quality. In relatively developed regions,
provinces usually have more modern industries, advanced tech-
nology, higher management levels, and better human resources,
which undoubtedly will use resources more efficiently and dis-
charge fewer pollutants (Zhang et al. 2008). In addition, certain
achievements have been made in transforming the economy of
eastern region into an intensive economic growth mode of Blow
consumption, low pollution, and high efficiency^ (Yang 2009).
However, the calculated ecological efficiency of SBM is a rela-
tive efficiency, and there is still room for improvement and de-
velopment between ecology and economy even in a relatively
effective state. At the same time, part of the central and southern
regions represented by Hubei and Hunan, and some southwest-
ern regions represented by Sichuan and Chongqing, have been
ineffective for many consecutive years, and the development of

Explanatory index (variable) Abbreviation Remarks
Economic scale GR The regional GDP of each province as the proportion of the national GDP

ln(GP) The per capita GDP of each province

Industrial structure PI The ratio of industrial added value to the regional GDP in each province

Degree of opening to the outside DT The proportion of the total import and export trade in each province to the regional GDP

Scientific research devotion RD The intensity of R&D expenditure in each province

Degree of urbanization UR The urbanization rate of resident population in each province

Energy consumption level EC The proportion of energy consumption in each province in the country

Environmental governance level MI The proportion of investment in environmental pollution control in each province

Household consumption CPI Consumer Price Index

Industrial pollution control IPC Completed investment of industrial pollution control
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the ecological environment still faces arduous challenges. The
ecological efficiency of these regions has been invalid for five
consecutive years, which shows that the ecological environment
related to economic development has experienced a serious
Bdeficit^ and the economic development has already seriously
threatened or even destroyed the self-cycle of ecological

environment. Through local economic construction and social
development planning, all the above-mentioned regions were
faced with tremendous tasks of development and transformation
during the measurement period. Taking Hubei province as an
example, the provincial government clearly puts forward the
concept of Baccelerating the construction of resource-saving,

Table 1 The ecological
efficiency values of SBM for 30
provinces in China from 2011 to
2015

Administrative
divisions

Province (rank) Year 2011 Year
2012

Year
2013

Year
2014

Year
2015

Average
value

North China Tianjin (2) 1.3325 1.3481 1.3388 1.3765 1.3688 1.3529

Beijing (4) 1.2833 1.2436 1.2626 1.2813 1.2936 1.2729

Shanxi (5) 1.2678 1.2592 1.2584 1.2889 1.2865 1.2722

Hebei (7) 1.2472 1.2533 1.2766 1.2503 1.1611 1.2377

Inner Mongolia
(11)

1.1083 1.1106 1.0617 1.0458 1.0999 1.0853

North China average value 1.2478 1.2429 1.2396 1.2486 1.2420 1.2442

South China Hainan (3) 1.3338 1.3422 1.3543 1.3677 1.3440 1.3484

Guangdong (6) 1.2323 1.2646 1.2669 1.2617 1.2377 1.2526

Guangxi (15) 1.0283 1.0447 1.0343 1.0278 1.0208 1.0312

South China average value 1.1981 1.2172 1.2185 1.2191 1.2009 1.2107

Northwest region Qinghai (1) 1.7023 1.7954 1.8410 1.8824 1.9521 1.8347

Ningxia (9) 1.2578 1.2248 1.2075 1.1409 1.0986 1.1859

Shaanxi (13) 1.0713 1.0656 1.0586 1.0503 1.0344 1.0560

Xinjiang (22) 0.5251 1.0034 1.0292 1.0151 0.4565 0.8059

Gansu (26) 0.7138 0.6670 0.6080 0.6118 0.6010 0.6403

Northwest region average value 1.0541 1.1513 1.1488 1.1401 1.0285 1.1046

East China Shandong (8) 1.1744 1.1741 1.1716 1.1960 1.2234 1.1879

Shanghai (10) 1.0814 1.0956 1.1088 1.1143 1.1326 1.1065

Jiangsu (16) 1.0242 1.0186 1.0047 1.0093 1.0107 1.0135

Anhui (17) 1.0213 1.0132 0.9342 1.0148 1.0175 1.0002

Zhejiang (20) 1.0375 1.0200 0.7461 0.7547 0.7243 0.8565

Fujian (23) 1.0228 0.7705 0.8395 0.6406 0.5744 0.7696

Jiangxi (12) 1.0779 1.0774 1.0772 1.0609 1.0741 1.0735

East China average value 1.0628 1.0242 0.9832 0.9701 0.9653 1.0011

Central China Henan (14) 1.0203 1.0198 1.0536 1.0395 1.0464 1.0359

Hunan (27) 0.5951 0.5785 0.6832 0.6230 0.6929 0.6346

Hubei (29) 0.5633 0.4984 0.5740 0.5611 0.5235 0.5441

Central China average value 0.7262 0.6989 0.7703 0.7412 0.7543 0.7382

Northeast region Liaoning (18) 0.8594 0.8603 1.0001 1.0213 1.0976 0.9677

Jilin (24) 0.6342 0.5608 0.6563 0.8179 1.0143 0.7367

Heilongjiang
(25) 0.506dd-

dd1

0.5168 0.5701 1.0088 1.0522 0.7308

Northeast region average value 0.6666 0.6459 0.7422 0.9493 1.0547 0.8117

Southwest region Yunnan (19) 1.0286 0.8352 0.9064 0.7781 0.8111 0.8719

Guizhou (21) 0.7983 0.7684 1.0100 0.8649 0.6298 0.8143

Sichuan (28) 0.6158 0.5979 0.6484 0.6795 0.6116 0.6306

Chongqing (30) 0.4831 0.4424 0.7256 0.5355 0.4574 0.5288

Southwest region average value 0.7314 0.6610 0.8226 0.7145 0.6275 0.7114

National average value 0.9883 0.9823 1.0103 1.0107 0.9883 –
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environment-friendly production methods and consumption pat-
terns, while constantly raising the level of ecological civilization^
at the beginning of the B12th Five-Year Plan2 (2011–2015)^.
However, as the development center of the central region,
Hubei province plays a decisive strategic role in the national
development pattern and is given the heavy responsibility in a
new round of industrialization and urbanization; therefore, there
is the possibility that the ecological environment will give way to
economic development and the ecological efficiency will be in-
effective for successive years. There is an urgent need to improve
the development model between ecology and economy.

As seen from Fig. 2, among the eco-efficiency values for
the seven geographic regions in China, each year, the average
values in North China, South China, and Northwest China are
above the national average. However, compared to the nation-
al average, the values in Central China, Southwest China, and
Northeast China are lower and the value in East China is
slightly lower. These results indicate that a clear imbalance

is present in the spatial distribution of China’s ecological effi-
ciency and show a Bhigh around the middle of the lower^
distribution pattern. The difference of regional ecological ef-
ficiency in our country is more significant. The study finds
that in the process of carrying the industrial transfer in the
Eastern region, the Central and Western regions will face ex-
tremely severe ecological pressure. If not properly handled,
the transfer of industries with low-tech, high-energy-consum-
ing, and high-pollution industries will make the ecological
environment fragile or even worse (Chen and Lu 2009).
After the central government took over the industrial transfer
in the east, it remained a kind of Bhigh-input and high-
emission growth model^, which limited the improvement of
environmental efficiency in the central region (Zeng 2011).
Therefore, undertaking industrial transfer should be coordinat-
ed with the building of a resource-saving and environment-
friendly society (Chen and Lu 2009).

The ecological efficiency values in North China and South
China have been relatively stable. Northwest China experi-
enced a process of Bfirst rising, then falling^. However, the
ecological efficiency of the three regions has been in an effec-
tive situation. The relationship between ecological environment
and economic development has basically stabilized, and the
ecological environment in the economic development has been
effectively solved. The reasons for the state in North and South
China lie mainly in gathering a large amount of high-quality
resources, and at the same time, the policy support for the two
regions is the earliest and the largest, enabling the traditional

2 The Twelfth Five-Year Plan (2011–2015) of the People’s Republic of China
for National Economic and Social Development is referred to as the Twelfth
Five-Year Plan. According to the BProposal for the CPCCentral Committee on
Formulating the Twelfth Five-Year Plan for National Economic and Social
Development,^ it is mainly formulated to state the country’s strategic inten-
tions, define the key government tasks, and guide the behavior of market
players. This is a grand blueprint for China’s economic and social development
in the next 5 years. It is a common program of action for people of all nation-
alities in the country and an important basis for the government to fulfill its
duties of economic regulation, market supervision, social management, and
public service.

Fig. 1 The frequency chart of eco-efficiency in China from 2011 to 2015
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economy to meet the needs of green and low carbon transition
and transformation. Although the ecological environment in
Northwest China is bad, due to the long-term environmental
protection policy supported by the state, and a large amount
of the labor force shifting to the eastern coastal regions, the
ecological carrying capacity of the region can be restored, and
its eco-efficiency is also high. The ecological efficiency in East
China has been declining year by year, gradually sliding from
effective to ineffective, which is closely related to its increasing
permanent population. Increasing population will inevitably in-
crease the amount of resources used, which is bound to further
aggravate excessive development of the ecological environ-
ment, and then create a vicious cycle. Thus, with the economy
developing, the eco-efficiency is decreasing. In Northeast
China, the ecological efficiency shows an upward trend from
Bineffective to effective^. The ecological efficiency in Central
and Southwest China has been at an ineffective level, but the
fluctuations in Central China are relatively stable, whereas the
changes in the southwest are rather violent and irregular. The
continuous improvement of eco-efficiency in Northeast China
is inseparable from the BNortheast Revival^ strategy during the
BTwelfth Five-Year Plan^ (2011–2015). It focuses on solving
the institutional and institutional contradictions that have
constrained economic development in Northeast China, and
accelerating the transformation of old industrial bases. The abil-
ity of scientific and technological innovation has a great effect
on the restoration and protection of the local ecological envi-
ronment. The central and southwestern regions are due for tre-
mendous development and construction projects, so the ecolog-
ical environment is still facing a huge cycle of development and
government departments should give due attention.

Malmquist index

In this paper, the traditional Malmquist index and the
metafrontier-Malmquist index are used to calculate the trends
of ecological efficiency cutting-edge technical efficiency TEM

(meta), cluster frontier technical efficiency TEG (group) and
technological gap ratios TGR in the seven geographical divi-
sions. The results are shown in Figs. 3, 4, and 5.

As seen from Fig. 4, the Malmquist index under the
traditional idea is approximately 0.9579 and less than 1
for most provinces, indicating that the ecological efficien-
cy of most provinces is not moving in a good direction.
The regional differences in dynamic changes are relatively
small; the largest intertemporal dynamic change index is
that of Qinghai, whereas that of Xinjiang is smallest. The
Malmquist index under the common front idea is approxi-
mately 0.9848, and there are more provinces with values
greater than 1, indicating that the ecological efficiency in
some provinces is developing well in this measurement.
However, the overall average is still less than 1 and needs
more and better direction of development. The difference
between the two indicators is that the latter measures the
technical gap between production units under different
technological fronts, and the metafrontier-Malmquist index
obtained at this time is more meaningful and has more in-
depth spatial analysis, considering the differences in tech-
nical levels among regions. Overall, the improvement of
eco-efficiency in 30 provinces of China is still under tre-
mendous pressure and does not have the policy and tech-
nological advantages in terms of environmental remedia-
tion and pollution control.

Fig. 2 The regional eco-
efficiency values of SBM in
China from 2011 to 2015
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As seen from Fig. 3, the overall technical efficiency of eco-
efficiency under the common frontier is at the uppermiddle level,
and the development of each region is not balanced. The effi-
ciency levels are higher in southern China, northern China, east-
ern China, and northeastern China and are, respectively, 0.8469,
0.8355, 0.7802, and 0.7489; however, the lower efficiency levels
in Northwest China, Central China, and Southwest China are
0.6948, 0.6206, and 0.5212, respectively. If we compare the
potential best production technologies across the country, there
will be 15.31, 16.45, 21.98, 25.11, 30.52, 37.94, and 47.88% of
the technological upgrading potentials in all regions in a
sustained manner, so we can conclude that the central and south-
western parts of the country urgently need to upgrade their tech-
nical level to ensure the improvement of regional ecological
efficiency. Under the group frontier, the technical efficiency is
one in five of the seven regions, 0.8997 in North China, and
0.8722 in Northwest China. The value of the technical efficiency
is very close to or even consistent with the optimal technical level
of the cluster, indicating that development within the region is
being integrated. The conclusion shows that at the regional level
and the provincial level, the technical efficiency is lower under
the common frontier than that of frontier of the group, and there
is a certain gap because the two are based on different stan-
dards—there is a difference between the potential best technical
level in the country technical level and the region’s own potential
level at its best technical.

With continuous observation of the dynamic changes of TGR
in conjunction in Fig. 5, the declining trend in North China, East
China, Central China, South China, and Southwest China during
the 5-year period from 2011 to 2015means that the proportion of

potential optimal production technologies in the country is de-
clining. This has had a negative impact on eco-efficiency, with
the largest decline in southern China from 0.9789 in 2011 to
0.8469 in 2015. The above five regions are at the forefront of
economic development. Their geographical position is superior,
and they have perfect infrastructure, but the blind pursuit of high-
speed and low efficiency economic benefits is not desirable. We
need to promote economic growth and at the same time paymore
attention to raising the technological level. The northeast and
northwest regions showed a slowly rising trend, but the geo-
graphical locations of these two regions are relatively remote
and the economic environment is relatively poor. However, with
the support and active promotion of the strategy of Brejuvenating
the Northeast^ and Bcontinuing the great development of the
western region,^ the two regions have firmly established the
concept of Bgreen development^ at an early stage of economic
development and have comprehensive consideration of the con-
ditions and constraints in various aspects to make good achieve-
ments in the virtuous circle of economic, technological, and eco-
logical environment.

We can see from the results that the static analysis of the
individual and group technical level and the dynamic analysis
of the technology gap ratio further reveal the group effect of
economic development. On the one hand, technological progress
among different regions reflects more differences, so the govern-
ment needs to formulate economic development policies accord-
ing to local conditions and introduce advanced science and tech-
nology; on the other hand, technological progress in the same
region is relatively homogeneous, and the government needs to
grasp commonality, actively replicate, and promote advanced

Fig. 3 Technical efficiency and
technology gap ratio of ecological
efficiency in China in 2015

20890 Environ Sci Pollut Res (2018) 25:20880–20898



Fig. 4 Dynamic changes of
environmental efficiency of
China’s 30 provinces between
2011 and 2015 (ML and MML)
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economic development experience. At the same time, govern-
ment needs to handle fine differences and coordinate the ad-
vancement of the two to achieve better coordination and bal-
anced development within and between regions.

Analysis of influencing factors of ecological efficiency

According to the environmental Kuznets curve (EKC) theory,
environmental effects can be decomposed into several catego-
ries such as economies of scale, structural effects, technolog-
ical effects, environmental policies, and regulatory factors (Hu
et al. 2004). Based on the above theories, the existing litera-
ture, and the availability and applicability of data, this paper
selects some indicators as follows.

First, we can set up the Tobit regression equation is as
follows:

EEIit ¼ β0 þ β1GRit þ β2ln GPitð Þ þ β3PIit þ β4DTit þ β5RDit

þβ6URit þ β7ECit þ β8MIit þ β9CPI þ β10IPC þ εit

ð12Þ

where βi is the coefficient to be determined, εit is the random
error term, and the specific explanation of the indicators can
be found in the data introduction section. The results calculat-
ed using Eviews 8.0 software are shown in Table 2.

The Tobit regression results in Table 2 show that only the
economic scale and industrial structure passed the significance
test of 1%. Among them, the per capita GDP belonging to the
economic scale has a positive effect on the ecological

efficiency values, the increase of the per capita level causes
environmental pollution control funds to receive multiple-in-
puts, and with the expansion of economy, the economy of
agglomeration gradually emerges. Also, the improvement of
income level has also increased people’s demand for high-
quality Benvironmental quality^ (Wang et al. 2010); the im-
provement of this financing environment contributes to the
improvement of ecological efficiency. The increase in the pro-
portion of industrial structure has a negative impact on the
improvement of ecological efficiency, indicating that each
province failed to properly consider its ecological impact
while focusing on industrial development. The increase in
the proportion of industrial output was accompanied by a de-
crease in ecological efficiency. Improvement in resource effi-
ciency can be achieved by improving levels of technology in
production sectors and shifting the economic structure from
energy and resource-intensive industries to light industries (Yu
et al. 2013). Industrial development still follows the extensive
mode of development based on resource consumption and
environmental pollution. The transformation of large-scale
structures for energy conservation, emission reduction, and
upgrading has yet to arrive.

Multiple collinearities exist between different influencing
factors, so PCA method is needed to reduce the dimension of
the data. The correlation test results indicate that there may be
some correlation between the various variables. However,
among them, the relevance between PI, the province of indus-
trial added value accounted for the proportion of regional
GDP and that of the other variables is very small, so we

Fig. 5 Dynamic changes of the
technology gap ratio of the across
regions between 2011 and 2015
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removed it and then proceeded with the principal component
analysis. The KMO test value is greater than 0.7 and Bartlett
sphericity test’s P value is less than 0.05. These two indicators
again verify the correlation between variables, thus the prin-
cipal component analysis is possible. The principal compo-
nent analysis and the gravel map show that components 1, 2,
and 3 can account for 82.493% of the variance and their ei-
genvalues are both above 1, so that components 1, 2, and 3
contain large amounts of raw data and they can be used as the
main component.

According to the component coefficient matrix, we can
write expressions for the common factor F1, F2, and F3:

F1 ¼ −0:006*GRþ 0:085*LN GPð Þ þ 0:199*DT þ 0:263*RD
þ0:312*UR−0:106*EC−0:033*MI þ 0:298*CPI−0:061*IPC

ð13Þ
F2 ¼ 0:314*GRþ 0:099*LN GPð Þ þ 0:038*DT−0:062*RD
−0:093*URþ 0:382*EC−0:071*MI−0:068*CPI þ 0:346*IPC

ð14Þ
F3 ¼ 0:214*GRþ 0:670*LN GPð Þ−0:228*DT þ 0:002*RD
þ0:164*URþ 0:002*EC þ 0:553*MI þ 0:070*CPI þ 0:162*IPC

ð15Þ

According to the above expression, the Tobit regression
equation is re-established as follows:

EEIit ¼ β11F1þ β12F2þ β13F3þ εit ð16Þ

where F1, F2, and F3 are three common factors, βi is the
coefficient to be determined, and εit is the error term.

From Table 3, we know the three common factors
sorted by principal component analysis: F1 and F2 have
a negative effect on the development of ecological effi-
ciency, whereas F3 has a positive effect. The common
factor F1 passed the significance test of 10%, which rep-
resents the Bregional development^ indicator; integrated

by the province’s total import and export trade accounting
for the proportion of regional GDP, provincial R&D
spending intensity, the province’s urbanization rate of res-
ident population and the provincial Consumer Price
Index. The increase of the proportion of provincial total
import and export trade in the GDP of the region indicates
that in recent years, the opening of various provinces in
China has expanded. On the one hand, the international
division of labor and specialization brought by this open-
ing has increased economic efficiency, which has promot-
ed ecological efficiency. However, on the other hand,
many pollution-related enterprises will also be introduced
and developed in China, which in turn will cause environ-
ment damage. The increased intensity of R&D expendi-
ture in the provinces means that local governments will
begin to attach importance to the development of science
and technology. This can promote the efficient and
healthy development of a region and have a positive effect
on ecological efficiency. However, the proportion of R&D
can only reflect the government’s investment in scientific
research, not the measure of the level of technological
progress better (Zeng 2011). The increase of the urbani-
zation rate of the resident population in the provinces
means an increase in the urban population and an increase
in the urban load, which is not conducive to the improve-
ment of ecological efficiency. The improvement of urban-
ization will constantly require improvement of urban
functions, adjustment of industrial structure, optimization
of spatial distribution, and sharing. It should be noted that
the increasing population density will continue to require
adaptive changes in urban functions, industrial structure,
and spatial distribution. Once the per capita energy and
resource consumption reach the bottom, the impact of
population density on environmental efficiency is likely
to turn into a negative effect (Zeng 2011). On the whole,
the Bregional development^ indicator, which is

Table 2 The results of ecological
efficiency influencing factors
regression analysis

Explanatory variable Abbreviation Coefficient Z statistics

Economic scale GR 7.047937 1.071910

ln(GP) 0.810488*** 3.044232

Industrial structure PI − 0.030336*** − 1.980703

Degree of opening to the outside DT 0.664645 0.337945

Scientific research devotion RD 1.737471 0.197930

Degree of urbanization UR − 1.278037 − 0.857675

Energy consumption level EC − 14.12044 − 1.724895

Environmental governance level MI 0.175533 0.030698

Consumer Price Index CPI 0.045190 0.199178

Completed investment of industrial pollution control IPC 0.002104 0.487062

*** is significant at 1% level; ** is significant at 5% level; and * is significant at 10% level
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represented by the common factor F1, has a negative ef-
fect on the promotion of ecological efficiency.

The common factor F2 has passed the significance test
of 1%, which represents the Beconomic structure^ indica-
tor. The greater the proportion of GDP in each province,
the better the economy has developed. Although local
economy continues to grow, the impact on ecological effi-
ciency is negative. Therefore, continuing to follow the tra-
ditional development model and blindly pursuing short-
term economic benefits will not only promote the negative
development of the economy, but also will make the envi-
ronmental pollution and ecological destruction more seri-
ous. The greater the proportion of energy consumption in
each province, the greater the cost of natural resource
(energy) consumption to drive regional economic develop-
ment. Without changing the energy supply structure and
energy utilization technology, the impact on ecological ef-
ficiency is negative. The greater the value of completed
investment in industrial pollution governance, the more
financial resources the government has spent on pollution
caused by industrial pollution, and the negative impact on
ecological efficiency is significant. The link between the
above three is precisely the relationship between input and
output in the framework of economic structure. The former
is the output, and the latter two are inputs. The impact of
the common factor F2 on ecological efficiency is negative,
indicating that China’s current economic structure and rap-
id economic development based on this structure will still
cause a certain degree of negative impact on ecological
environment. It is necessary for the national and local gov-
ernments to constantly improve and optimize the economic
structure and promote the common sustainable develop-
ment of the economy and the environment.

The common factor F3 passed the significance test of 1%
and has a strong correlation with the increase of GDP per
capita in each province, which represents the indicator of Bper
capita development.^ The increase in per capita GDP repre-
sents an improvement of living standards. When people’s liv-
ing conditions are superior, they will begin to attach impor-
tance to other aspects of life, such as the living environment
experience, which has a positive effect on the development of
ecological efficiency.

Conclusions and policy recommendations

Conclusions

There are differences between regions regarding the level
of development of a circular economy. There is a serious
imbalance between interprovincial and provincial ecologi-
cal efficiency. In nearly 60% of China’s 30 provinces, eco-
logical efficiency is effective and in more than 40%, it is
ineffective; overall, ecological efficiency is at the interme-
diate level. The ecological efficiencies of Qinghai, Tianjin,
Hainan, Beijing, and Shanxi provinces are effective in the
long run, mainly in North China and South China.
Chongqing, Hubei, Sichuan, Hunan, and Gansu provinces
have the most ineffective ecological efficiency, mainly
concentrated in the southwest and central China. There is
a clear cluster effect in the spatial distribution of ecological
efficiency. The provinces with effective eco-efficiency are
concentrated in North China, South China, and Northwest
China, whereas provinces with ineffective eco-efficiency
are concentrated in central and southwestern China.
Eastern China and the northeastern region have undergone
relatively large changes in ecological efficiency, but the
ecological efficiency of the northeastern region is increas-
ing annually, whereas the ecological efficiency in east
China has changed from effective to ineffective.

The ecological efficiency of most provinces did not devel-
op in a good direction, and these provinces did not have policy
and technical advantages in environmental remediation and
pollution control, and so on. Under the common forefront,
the technical efficiency of eco-efficiency is at a mid to upper
level, and the regional development is not balanced. The de-
velopment within the frontier of the group is being integrated.
The dynamic changes of TGR show that in the 5 years from
2011 to 2015, there was a downward trend in North China,
East China, Central China, South China, and Southwest
China. The blind pursuit of rapid development has neglected
improvement at the technical level. The northeast and north-
west regions showed a slowly rising trend. In recent years,
with the support and active promotion of state policies, eco-
nomic and technological development has achieved good re-
sults. Overall development of overall planning has a positive

Table 3 Tobit regression analysis
Explanatory variables Abbreviation Coefficient Z statistics

Regional development Common factor F1 − 0.040353* − 0.173285

Economic structure Common factor F2 − 0.288809*** − 2.774176

Per capita development Common factor F3 0.594077*** 4.371155

*** is significant at 1% level; ** is significant at 5% level; * is significant at 10% level
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effect on the optimization of ecological efficiency; on the con-
trary, it will have a negative impact.

In recent years, the increase of per capita GDP, increase of
R&D investment in provinces, and increase of the proportion
of provincial imports and exports in regional GDP has pro-
moted efficient and healthy regional development and has had
a positive effect on ecological efficiency. On the other hand,
an increase in the urbanization rate of the resident population
in a province means an increase in the urban load and an
overload of population over the environmental capacity. The
higher the consumer price index is, the greater the degree of
resource consumption and environmental damage will be.
Each province accounted for a larger proportion of the GDP,
a higher proportion of energy consumption, more industrial
pollution control completed investment, and increase in the
proportion of the industrial structure. These all have a negative
impact on eco-efficiency improvement. An increase is usually
accompanied by a decline in ecological efficiency. China’s
economic development is still basically following the exten-
sive mode of development at the expense of resource con-
sumption and environmental pollution. Energy-saving emis-
sion reduction and upgrading of the large-scale structural
transformation has yet to occur.

Policy recommendations

We should continue to adhere to the supply-side structural
reforms and transform the Bend of the pipe^ to Bthe source
of prevention and control,^ and gradually eliminate the back-
ward and excess capacity of Bhigh input, high pollution, high
energy consumption, low efficiency .̂ We ought to focus on
improving the quality and efficiency of the supply system,
enhance the momentum of sustained economic growth, and
promote the level of social productivity in China to achieve
the overall leap, the ecological environment of a virtuous cir-
cle, circular economy for healthy development.

We should continue to adhere to the Binnovation-driv-
en-development^ strategy and promote the concept of de-
velopment gradually changing from Bwin by quantity^ to
Bwin by quality^; improve the technology gap ratio
(TGR) gradually, leverage structural adjustment, stimulate
the development mode transformation and upgrade with
the power of innovation; then, gradually reverse the seri-
ous situation of China’s resource consumption, environ-
mental pollution, and severe degradation of ecosystems
by institutional and technological innovation, develop-
ment pattern innovation, and other means.

We need to improve the use efficiency of government funds
for improving the ecosystem and develop a more scientific cap-
ital use plan to ensure the optimum use of government spending
and minimize the negative effects of improper use of funds.

We need to strengthen the introduction of quality manage-
ment of foreign-funded enterprises in opening up to the outside
world, improve the introduction and absorption efficiency of
high-tech industries, and optimize and upgrade the industrial
structure, meanwhile strengthen the cultivation of output power
of local enterprises in opening to the outside world and create an
industrial cluster with international competitiveness, and eventu-
ally achieve ecological and economic sustainable development.

We need to strengthen interprovincial and provincial col-
laborative development and common governance, gradually
establish a cross-administrative regional joint control coordi-
nation mechanism of key regions, river basin environmental
pollution, and ecological damage, and then implement unified
planning, unified standards, unified monitoring, and unified
prevention and control measures and finally establish and im-
prove a better, stronger ecological monitoring system.
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