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A B S T R A C T

The contradiction between economic development and environmental protection has become a major concern in
many developing countries. To resolve environmental issues, political and technical measures must be con-
sidered. However, because of geographical, climatic, and economic differences, ecological issues need to be
resolved at the regional level. This study proposes a complex eco-efficiency (EE) system composed of multi-
dimensional components with entropy flows for an economic region, the Yangtze River Economic Belt, in China.
There were distinct disparities of eco-efficiency in urban cluster, with the higher efficiency in the central cities
and the lower efficiency in the satellite cities. Based on the periodic characteristics of eco-efficiency, two distinct
periods, 2008–2012 and 2013–2016, were found. The relationships among environmental regulation (ER), green
technological innovation (GTI), and EE varied in different regions and periods because of the “innovative
compensation”, “compliance cost”, and “energy rebound” effects. When GTI efficiently improved the EE, in-
appropriate ER weakened the marginal benefits of GTI. When an “energy rebound effect” occurred, moderate ER
was found to assist in reducing the harmful influence of GTI. A “race to the top” phenomenon was found to be
more likely in developed areas, while a “race to the bottom” effect was found in the western urban clusters.
Differentiated sustainable environmental policies of integrating institutional and free-market approaches are
provided.

1. Introduction

Rapid growth in developing countries has required extensive re-
source inputs, which has resulted in significant ecological damage, such
as high pollution and excessive resource consumption (Miao et al.,
2017). The contradiction between economic and ecology has become
increasingly prominent, especially in China where political careers are
tied to regional economic growth and local officials tend to weaken the
enforcement of environmental regulation (ER) in exchange for tem-
porary economic gain. Moreover, there are demonstration effects at
officials’ promotion in adjacent areas that advance an individual pro-
blem into a regional issue. With the conflict between economy and
ecology, eco-efficiency (EE) has been proposed to balance the economic
value and environment impact. In this context, technology is the key to
escape this dilemma and contributes to creating a sustainable society,
and green technology further avoids the biased technological progress,

more accurately targeting environmental protection (Song et al., 2018).
Currently, regional development requires the process to be scien-

tific, green, and sustainable. Driven by resource flows and urbanization,
cities are increasingly connected and forming multiple urban agglom-
erations, which has fostered the spatial spillover effect of economic
development and environmental pollution among cities. Under the in-
fluence of conventional administrative division and fiscal decen-
tralization, local governments lack cooperation and tend to achieve
energy conservation and emission reduction goals individually, ig-
noring the regional complexity of ecological problems. Additionally,
homogeneity and heterogeneity exist in urban agglomerations, and
nationwide environmental standard and scientific strategy may not fit
each region. Furthermore, several internal and external factors impact
the effectiveness of EE changes, to which different regions should pay
attention. For example, the “Kyoto Protocol”, an international en-
vironmental treaty, commits both developed and developing countries
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to reduce emissions target from 2005 to 2012, respectively
(Robaina–Alves et al., 2015).

Few studies have systematically investigated how the interaction
term of ER and green technological innovation (GTI) affect EE under
diverse circumstances. Given the increasing differences in multiple re-
gions, e.g., resource elements, urbanization level, and environmental
resilience, the dearth of research examining this issue becomes dele-
terious. The aim of this paper is to fill this gap by proposing an in-
tegrated framework for implementing a quantitative full classification
analysis, namely, period classification and district classification, in the
Yangtze River Economic Belt. The proposed framework is intended to
focus on GTI and explore the interaction effects of political and tech-
nological factors on EE, taking urban agglomeration as a research
sample and breaking through the limitations of provincial adminis-
trative divisions.

This study contributes to the literature in three ways. First, the
causal relationship among ER, GTI, their interaction term, and EE are
studied under the same framework. The study explores the impact of
GTI on EE under different environment regulations (e.g., appropriate or
inappropriate) to adjust the intensity of ER and obtain a more marginal
benefit of green technology. Second, GTI has been distinguished from
traditional technological innovation, rendering the study of the effects
of green technology on EE to be more targeted and specific. Third, the
sample region is an ideal choice for making specific recommendations
regarding sustainable regional development and construction. The
Yangtze River Economic Belt differentiates itself from others economic
regions in China as a complete independent drainage basin with re-
source elements exhibiting relative independence and system integrity.
It is a suitable target for spatial economics models and an ideal sample
for exploring the spatial spillover effects of economic, ecological, po-
litical, and technological factors to provide a policy basis for regional
sustainable development.

The remaining sections are organized as follows. Section 2 in-
troduces the literature review. Section 3 lays out the methods and data
source. Section 4 presents our main findings and interprets the spatial
empirical analytical results. Section 5 concludes this study, and
Section 6 explains the implications of a sustainability policy of urban
agglomerations. Finally, Section 7 discusses the limitations of the study
and potential future research directions.

2. Theoretical underpinning and literature review

2.1. Theoretical underpinning

We understand eco-efficiency as a result of a combination of various
factors. The analyzed influencing objects (1) environmental regulation
and (2) green technological innovation provide the infrastructure to
realize collaboration. The institutional ecological economics provides a
reference for the design, implementation and effectiveness of environ-
mental governance solutions (Norgaard, 2004). We focus on the inner
four parts of institutional ecological economics: transaction costs, lim-
ited cognitive capacity, interdependence, and social capital (see Fig. 1).
Conceptualizing environmental issues as interdependent instances and
recognizing positive transaction costs are keys to understanding the
nature of environmental issues. Limited cognitive ability develops with
technological progress and has an important impact on environmental
decision-making, with the concept of social capital enriching analyses
of environmental governance.

2.2. Eco-efficiency and its spatial heterogeneity

One of the main challenges of ecological economics is how to un-
derstand and study the design of environmental policies and govern-
ance institutions to improve the ecological environment and improve
the efficiency of ecological economy (Paavola and Adger, 2005). The
neoclassical critique, interdisciplinarity and understanding the

environment as a dynamic system with physical boundaries are the
basic thought of the original ecological economics, which is respected
by institutional ecological economists. As they focus on the role of
various institutions and actors, the existing mode is enriched based on
the views of institutional economics representatives. According to the
representative view of ecological modernization, economic and en-
vironmental goals can be integrated within a framework of industrial
modernity (Gowdy and Erickson, 2005; Røpke, 2004;
Söderbaum, 1999). However, the ecological environment, as a dynamic
system with physical boundaries, within the framework of industrial
modernization and administrative division, how is it affected by the
system and institutions remain unclear. Based on the theories of in-
stitutional ecological economics, this paper adopts eco-efficiency as an
index of regional environmental conditions to capture the policy op-
tions and environmental changes. Eco-efficiency was initially in-
troduced by Schaltegger and Sturm (1996) and consequently developed
into a widely accepted definition: progressively reducing environmental
impact and resource intensities while concomitantly, fulfilling societal
needs and improving quality of life; it involves total-factor productivity
in which the unfavorable externalities are measured as a ratio of the
output divided by the input (Ren et al., 2018; Wang et al., 2013;
Wu et al., 2016). To assess EE, a total-factor estimation method is
needed. The Data Envelopment Analysis (DEA) model has been widely
employed as a nonparametric environmental efficiency measurement
(Fan et al., 2017; Huang et al., 2018), while other methods such as the
analytic hierarchy process (Chen, 2009), total-factor productivity
(Li and Wu, 2017), fuzzy assessment model (Guo et al., 2012), life cycle
assessment (Park and Seo, 2006), and environmental impact assessment
(Chang et al., 2018) have also been commonly used for ecological
evaluations. Researchers seek the influential factors of EE, including
economics, ER, technology, urbanization, and fiscal decentralization,
among others. Lately, some of them have started to focus on spatial
effects and proposed that neighboring prefectures and urban clusters
can promote the increase in EE (Li et al.; Yu et al., 2018b). The inter-
action between structural patterns and development over time, as well
as interactions between actors and institutions at different spatial
scales, can be used to explain the dynamics of sociotechnical systems
(Bergh et al., 2011). Morton et al. (2018) demonstrated the importance
of socioeconomic, environmental and local policy conditions, especially
their spatial heterogeneity in the formation of national policies. As the
spatial agglomeration of production factors has a dynamic effect on
economic development, urban EE could be promoted through the de-
velopment of urban clusters that have an accumulation of human ca-
pital and knowledge spillovers. However, it could also be hindered by
pollutant emissions and overexploitation. Whether the agglomeration
and interaction effects of influence factors can promote EE remain un-
known. Thus, we propose hypothesis 1.

H1: Poor eco-conditions can result from inadequate regulations and
can result in spatial heterogeneity.

2.3. Relationships of EE with ER and GTI

According to the institutional ecological economics, environmental
governance includes the establishment and implementation of govern-
ance institutions to resolve environmental conflicts (Young, 1994).
Resolving environmental conflicts refer to refers to the trade-off activity
when environmental interests conflict with economic and social inter-
ests. Balancing the interests to resolve environmental conflicts is the
responsibility of the government. Environmental governance entails
transactions costs, incurred as a result of collecting information, making
decisions, establishing institutional rules, monitoring compliance with
these rules, and implementing those rules (Paavola, 2002b). The pur-
pose of environmental governance is to promote ecology. However, it is
impossible to set perfect governance measures in advance, and inter-
dependence and conflicts of interest between different levels of gov-
ernance institutions may coexist (Williamson, 2007). The resulting

Y. Liu, et al. Technological Forecasting & Social Change 155 (2020) 119993

2



transaction costs may prevent environmental governance measures
from achieving the purpose of improving the ecological environment.
Porter's hypothesis, which is based on a closed economy, states that
proper environmental regulations (ERs) can trigger corporate innova-
tion and build a competitive advantage (Porter and Van Der
Linde, 1995). However, as the environmental policy can be flexibly
adapted to the changes in external factors, the delayed effects may in-
fluence the ecological condition in different periods. A variety of re-
lationships between ER and EE have been identified without consistent
conclusions. These can be divided into four main types. (1) Negative.
Neoclassical economics suggests that under the constraint of ERs, en-
terprise costs increase because of pollution charges, which lead to profit
reductions (Barbera and Mcconnell, 1990; Gollop and Roberts, 1983).
Lanoie et al. (2011) claimed that environmental policies are unfavor-
able to business performance and that innovation does not offset the
costs of regulatory compliance. (2) Positive. Based on ‘Porter's hy-
pothesis’, ER is an important instrument for governments to promote
technological innovation, as well as improve the economic performance
and environmental performance of enterprises (Porter and Van Der
Linde, 1995). Zhang et al. (2011) found that the enforcement of ERs in
China could improve Malmquist–Luenberger productivity index. (3)
Nonlinear. Isern et al. (2001) concluded that the correlation between
ER and EE was nonlinear and showed an “inverted U-shaped” curve.
Luo and Wang (2017) also found a “U-shaped” relationship between
investment-type regulations and EE in provincial regions in China from
1998–2013. (4) Irrelevant. Becker (2011) suggested no statistically
significant effect on productivity in a region with stringent ERs. To
better illustrate the nonlinear correlation, two sketches are presented in
Fig. 2. There are interactions between different levels of governance.
On the one hand, when resource users manage themselves according to
local customary systems, environmental governance does not involve
the state. On the other hand, the state is even closely involved in the
establishment and implementation of so-called new voluntary en-
vironmental protection measures. Besides, local governance solutions
are affected by other levels and areas of governance, and it cannot be
simply scaled or sealed up (Atlger, 2003; Paavola, 2002a). Regional
interactions could be interpreted by social capital, which does not share
the characteristics of other forms of capital. Relationships between
subjects are conceptualized as networks, protocols, and the flow of
information, which have been termed social capital (Dolsak and
Ostrom, 2003). The public dimension of social capital exists in the
network that improves overall economic performance, not the network
of specific subjects (Narayan and Pritchett, 1999). Social capital and
networks of reciprocity help improve the environmental conditions and
assist in coping with environmental stressors. For the spatial spillover

effects, it has been argued that the spatial dimension significantly im-
pacts smart city factors, differentiating them from one another. There is
an interaction among nearby cities that can impact smartness scores; in
other terms, the strategic choices for a city to be smart have a spatial
component that may play a fundamental role (Angelidou, 2014). Not
only human interactions but also the pollution effect would change the
isolate situations. According to Porter's hypothesis and the empirical
results of previous studies, we learn that the relationship between ER
and EE exists and varies from time to region. Thus, we propose hy-
pothesis 2.

H2: There is a nonlinear relation between ER and EE, which has a spatial
spillover that affects neighboring policy settings.

GTI has become a popular focus in recent years because of its ability
to improve environmental performance through eco-innovation, en-
vironmental innovation, and green technologies (Ghisetti and
Quatraro, 2017; Wang et al., 2013; Yu et al., 2018; Yu et al., 2016).
Technology is one of the key research works of institutional ecological
economics. Austrian and Schumpeterian take technological change as
the driving force of institutional change (Paavola and Adger, 2005).
Institutional changes caused by technological progress further lead to
changes in the ecological environment. In general, the establishment of
green technologies and environmental protection systems help to im-
prove the ecological environment. More precisely, innovations in green
technologies such as clean production and terminal treatment systems
can respectively improve resource efficiency and environmental
quality. In resource efficiency units, energy, as an element of produc-
tion, runs through the whole process from input to output in an eco-
nomic-resource-environmental system. Clean energy and innovative
technologies are used at the origin to achieve clean production, which
helps reduce the intensity of resource consumption and nonessential
energy inputs, consequently leading to more desirable outputs. Clean
production technologies can also reduce or eliminate pollution emis-
sions across the complete process, which provides the conditions for
green economic operations. Terminal treatments such as pollutant
treatments and recycling can reduce the unfavorable effects of output
on the ecological environment.

Moreover, the net effect of ERs on technological innovation depends
on the size of the “innovative compensation” effect and “compliance
cost” effect (Lanoie et al., 2008). Environmental regulation can promote
the application of “clean” technology as a central principle of ecological
modernization. Second, by improving the product design and economic
performance, environmental regulation can benefit from innovation
(Smith and Crotty, 2010). Shi et al. (2017) focus on the causal effects of
environmental regulation on enterprise innovation in China's carbon
emissions trading pilot areas, and they find that this causal mechanism

Fig. 1. Theoretical underpinning.
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has a migration effect on regulated enterprises, especially for highly
polluting and state-owned enterprises. When ERs are inappropriate,
there can be a lock-in effect on the existing equipment, technologies,
and institution, which is known as the “compliance cost” effect. ERs can
also increase production costs for enterprises, which reduces invest-
ments in Research and Development (R&D) and makes enterprises more

likely to choose a terminal treatment system only to meet emissions
standards; however, the undesirable output would inevitably be
harmful to the ecology. However, a moderate level of ER can stimulate
the “innovation compensation” effect, which can motivate enterprises
to choose a differentiated strategy to improve resource efficiencies,
achieve clean production, and profit from these changes. Sustainable

Fig. 2. The Path from ER to GTI and GTI to EE.
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development can also be promoted by clean production and, especially,
clean energy use, which is vital for EE. Thus, we propose hypothesis 3.

H3: GTI has a positive influence on EE and a spatial spillover, and the
promotion effect of GTI on EE can be positively adjusted by a moderate level
of ER.

2.4. Focus of this study

The literature review shows that previous studies have the following
problems. First, some biased estimation methods have been used to
assess EE, e.g., data envelopment analysis only focuses on the cross-
section data and cannot compare the results from different time-points.
Thus, a combination fuzzy information-entropy method is more suitable
for EE estimation. Second, most studies are based on the framework of
relevant variables, independently. Few of them probe the specific in-
teraction effects between ER and GTI on EE. Third, biases develop when
regional patents are used to assess GTI abilities, as GTI indices could
reflect the direct effect of ERs and market mechanisms on the use of eco-
technologies. Fourth, the spatial spillover on the provincial level is one-
sided, since the provinces are relatively independent in China. The
spatial econometric model is more applicable to multiple urban ag-
glomerations at the city level.

This paper seeks to address the following questions: What are the EE
differences in different urban agglomerations during distinct periods,
and what are the effects of temporal, regional, and political hetero-
geneity? As no consistent conclusion has been drawn for the correlation
between ER and EE, whether GTI can be promoted by moderate ERs
remain unknown. If the interactions between GTI and ER have spatial
EE spillover effects, then how do the original states change? Once, a
threshold is passed, can it be counterproductive? If there is a spatial
spillover effect, what are the reasons for these changes? Finally, solu-
tions are offered to achieve sustainable development when the factors
and possible spillovers are identified. Based on the above analyses, the
hypotheses and complete path from ER to GTI and EE are proposed in
Fig. 2.

3. Methodology, data and study area

3.1. Econometric model and estimation method

3.1.1. Classical panel data model
Given that a certain volatility exists in ecological environmental

change, a classical panel data model, the Ordinary Least Square (OLS)
model, was established as follows (Li and Wu, 2017):

= + + + + + + +EE GTI ER ER X µit it it it it i t it0 1 2 3
2 (1)

where iis the unit, t is the year, EE is the eco-efficiency, GTI is the green
technological innovation, ER and ER2 are the local environmental
regulations (to determine if there is a “U-shaped” relationship between
ER and EE), X is the control variable, μiis a cross-section fixed effect, νt is
the period fixed effect, and ɛit is the error term. All variables were
normalized using the Z-score statistical method in MATLAB (Saha et al.,
2017).

3.1.2. Spatial dynamic panel data model
Variables can be diffused and can spill over geospatial spaces, which

indicates that the nonspatial panel data econometric model is no longer
an optimal, unbiased, and consistent estimate; therefore a spatial dy-
namic panel model is needed to assess the effects between the depen-
dent and independent variables in neighboring regions (Elhorst, 2016;
Kelley, 2009). Therefore, in this paper, a spatial panel data model is
established to obtain more accurate regression results.

As the Spatial Durbin Model (SDM) model contains lagged variables,
it can provide a solution when there is a lack of spatial heterogeneity
and uncertain issues. Further, in comparison to a general spatial

economic model, SDM is also able to capture the spatial correlations
between the dependent variables and the spatial spillover effects from
the independent variables (Elhorst, 2014). A one-year lagged EE term is
included in the dynamic spatial panel data so that time t persists at
dynamically stable levels and =y yt t 1 unless there are changes in fac-
tors that affect the level of yt(Baltagi et al., 2018; Long et al., 2015).
Using standard notations, the common form of the dynamic model with
both individual and time fixed effects is as follows:

= + + + + +y Wy X WX µi t i t it, 1 (2)

where y is the eco-efficiency value, ρis the spatial autocorrelation
coefficient, W is the spatial weight matrix, X is the independent vari-
ables, β and θ are the spatial regressive coefficients, Wyand WX are
spatial lag terms for the dependent variable and independent variable,
and μi, νt and ɛit respectively are the time fixed effect, individual fixed
effect, and error term.

The other impact factors were extracted from (Gudipudi et al., 2018;
Liu, 2009; Yanqun and Yuan, 2017; Yu et al., 2018; Yu et al., 2018) as
the control variables; Industry Cluster (IC), urbanization (UR), Foreign
Direct Investment (FDI) and Cultural Literacy (CL). Specifically, the
dynamic econometric regression model that includes the effect of green
technological innovation and environmental regulations on regional
eco-efficiency can be defined as follows:

= + + + + +

+
+ + +

+ +

+ + + + + +

=

= =

= =

= = =

EE w EE GTI ER ER IC UR

FDI
CL w GTI w ER

w ER w IC

w UR w FDI w CL µ

it j
N

ij j t it it it it it

it

it j
N

ij jt j
N

ij jt

j
N

ij j
N

ij jt

j
N

ij jt j
N

ij jt j
N

ij jt i t it

1 , 1 1 2 3
2

4 5

6

7 1 1 2 1

3 1
2

4 1

5 1 6 1 7 1

jt

(3)

where i and t are the unit and the year, j denotes the nearby cities(i≠ j),
wij is the spatial weight matrix, and the others are as mentioned before.

3.1.3. Fuzzy information-entropy evaluation method
The law of entropy is the second law of thermodynamics: it de-

scribes the direction of energy conversion in a system, namely, the
energy of a closed system can only be irreversibly transformed along
this direction along with attenuation. System science introduces the
concept of entropy and is used for research, suggesting that system
entropy is a description of the system complexity, ordered structure
relationship, and efficiency state. The system continuously acquires
materials from the environment and energy, which introduces negative
entropy into the system, so that the orderly increment of the whole
system is greater than the disorderly increment. When the entropy
value is less than zero, the new structure and new organization will
spontaneously form a dissipative structure. That is, in an open system
far from balance, through the continuous exchange of matter and the
environment, energy and information, negative entropy is obtained,
and the orderly nature of the whole system is improved (Dai et al.,
2011; Glasner et al., 2000; Jing and Xiong, 2010; Lin et al., 2010).
Inputs and outputs are often imprecise in real life. This inaccuracy can
be represented by interval relations, ordinal relations, or fuzzy mem-
bers (Puri and Yadav, 2017).

Stochastic frontier models are often ill-posed, and many researchers
are eager for the development of robust estimation techniques. In recent
years, the entropy estimator has been widely used in the literature as a
powerful alternative to the traditional estimator for estimation of the
stochastic frontier model (Robaina-Alves et al., 2015). The results of
large simulation studies show that the difference between the real and
estimated mean of the smaller mean square error loss and technical
efficiency is small. As a powerful tool for state-dependent production
boundary estimation, maximum entropy can be a powerful tool for
state-related production frontier estimation (Scotto, 2014). The
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information entropy method is used to construct the entropy distance
between the self-evaluation and cross-evaluation index (Shi et al.,
2015).

Eco-efficiency is a fuzzy concept with multiple indicators and
classes, and the environmental pollution (produced by the socio-
economic system) as well as the reconstruction of the ecological en-
vironment (i.e., restoration of the ecosystem's ability to deal with
human impacts) represent the entropy production (Khalil, 1989). From
the total-factor productivity perspective, EE can be seen as a complex
system composed of multidimensional components, each of which
contains entropy flows (Zhang et al., 2006). The dynamic weight as-
signment for each cross-evaluation unit is determined from the entropy
distance (Robaina-Alves et al., 2015; Shi et al., 2015); however, as this
cannot be determined using a DEA model or any of the previously
mentioned estimation models, fuzzy rough sets based on fuzzy relations
are used to measure the similarity between the objects and remove the
redundant and irrelevant attributes without significantly decreasing the
prediction accuracy of the classifier that has been built only from the
selected features (Zhang et al., 2016). Therefore, the fuzzy information-
entropy method can achieve a better EE estimation value.

It is known that the variables employed in the estimating method
are input and output. Before measuring EE, we should develop the
approach to solving the undesirable outputs. For desirable outputs, the
greater the value, the better is the performance; for undesirable out-
puts, the less the value, the better is the performance. Namely, inputs
and undesirable outputs share the same characteristic; they are factors
that should be kept to a minimum. Thus, combined with the research of
Carboni and Russu (2015); (Färe and Grosskopf, 2003; Jie et al., 2013;
Ren, 2016), we choose the approach of Seiford and Zhu (2002) to treat
the undesirable outputs as controllable inputs. The specific calculation
process is as follows:

• Assuming that the number of cities is n and the number of selected
evaluation indicators is m, then the original data matrix r for the
evaluation system is

= =×

×

r r
r r r
r r r
r r r

( )
. ..
. ..

. . ..........
. ..

ij n m

m
m

n n nm n m

11 12 1
21 22 2

1 2 (4)

• From Shannon et al. (1949), the entropy ej of each evaluation in-
dicator can be expressed as

= ×
=

e k p plnj
i

n

ij ij
1 (5)

where =k n1/ln , = =p r r/ij ij i
n

ij1 , and == r r1, 0 1i
N

ij ij1 .

• Calculation of the entropy weight of the j-th evaluation factor, and
determination of its weight ωj, is performed as follows:

=
=

e e(1 )/ (1 )j j j

n
j1 (6)

It is apparent that the sum of all ωj is equal to 1, which indicates that
the greater the value of e(1 )j , the larger is the weight of the specific
factor.

• To overcome interference from subjective factors, the weights are
determined based on the information reliability in each index and
the fuzzy rough set proposed by Zadeh (1999); the positive and

negative indicators are fuzzified to form the new normalization
matrix:

=r
r r

r rij
ij min

max min (7)

=r
r r

r rij
ijmax

max min (8)

= =×

×

r r
r r r
r r r

r r r
( )

. ..

. ..
. . ..........

. ..
ij n m

m

m

n n nm n m

11 12 1

21 22 2

1 2 (9)

• Then, the ecological input value can be determined; the larger the
calculation value, the better is the performance.

=
=

I r·i
j

m

j ij
1 (10)

The basic idea of an efficiency evaluation is to measure the benefit
generated by a unit input of the efficiency evaluation. By defining the
various ecological inputs and the corresponding beneficial outputs, a
comprehensive comparison can be made to analyze the resource allo-
cation efficiency. In this paper, regional EE is defined as the ratio of the
output and input, which is expressed as

= +EE O I U/i i i i (11)

whereEEi is the eco-efficiency, Oi is the value of the desirable outputs, Ii
is the calculation for the ecological inputs, and Ui is the estimate for the
undesirable outputs.

3.1.4. Spatial autocorrelation test and spatial weight setting
As mentioned before, residual geospatial factors are neglected in

classical panel data model; however, as spatial agglomeration and
variable heterogeneity possibly affect the observed object in different
ways, global Moran's statistics are computed (Moran, 1948) that are
related to the variables in the overall study region, defined as follows:
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where n is the number of units, subscript i and j stand for cities i and j,
Yi and Yj denote the corresponding fuzzy information-entropy-based EE
values, Y is the eco-efficiency average and wijis the spatial weighting
matrix. These elements are determined from the adopted geographic
and economic distance definitions.

To estimate the spatial parameters, the distance weighting matrix is
first applied, and a geographic inverse distance method is adopted that
has a specific weight matrix form as follows (Li and Wu, 2017):

=
=

w
d i j
i j

1/ , ,
0, .ij

g ij
g

(14)

where wij
g are the elements in the geographic distance weighting ma-

trixes, i and j denote the opposite units, and dg
ij is the straight-line

distance value between the administrative geographical centers of two
prefecture-level cities. The framework for the methodology and method
is shown in Fig. 3.
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3.2. Variable and study area

3.2.1. Variables and data sources
3.2.1.1. Dependent variable. The measurement of EE is a complex
system involving many mutual-coupling and unknown or uncertain
factors. It is an extended “Sustainable development” concept that can
be calculated from indicators based on an economy to environment
ratio (ISO 14045, 2012) (Hukkinen, 2001). EE is of great significance in
facilitating a region's sustainable development. However, there are
some inconsistencies among the concepts and relationships. Many
factors should be taken into account in accessing eco-efficiency
entities. Some environmental factors, such as energy consumption
and dioxide emission, are exogenous to the decision makers and tend
to produce undesirable as well as desirable outputs. These outputs
introduce entropy into the system, causing an increase in the whole
entity in order and the origination of new structures. Thus, this paper
integrates the input, desirable output and undesirable output into a
fuzzy information-entropy evaluation framework. Using the
information entropy principle, the weight vector of these factors can
be objectively calculated.

Regarding the evaluating factors, it is imperative to select appro-
priate input and output factors to evaluate EE. With reference to
(Khalil, 1989; Lanoie et al., 2008; Wu et al., 2016), the undesirable
outputs inevitably produced as part of the procedure have a negative
impact on EE and, consequently, must be excluded from the desirable
output. In addition to the operability and availability principles, eight

basic and classic indicators are adopted to reflect EE, the definitions and
descriptive statistics for which are shown in Table 1. Specifically, ca-
pital, energy, land, and water supply are the inputs, regional gross
domestic product is the desired output, and wastewater, sulfur dioxide,
and industrial dust emissions are the undesirable outputs.

3.2.1.2. Explanatory variables. EE can either be promoted or inhibited
by a region's direct and indirect external environmental factors. These
factors are explained in detail below, and the associated descriptive
statistics are shown in Appendix Table 1.

3.2.1.3. Core variables. Environmental Regulations (ERs). Chinese ERs
are classified into command-and-control regulations, market-based
regulations, and voluntary regulations, with regulations such as
pollution charges, emissions taxes, and emissions subsidies being
market-based regulations aimed at encouraging high polluting
enterprises to reduce emissions. In this case, access to the command
and control regulations and the voluntary regulations are limited by a
lack of prefecture-level city data; however, based on the research of
Ren et al. (2018), the pollutant discharge fee is more suitable and is
therefore applied in this paper.

Green Technological Innovation (GTI). While a variety of definitions
have been provided, this paper uses the widely adopted definition from
Oltra and Kemp (2009); GTI is a comprehensive concept that en-
compasses novel production processes across the life cycle with the aim
of reducing environmental risk, pollution, and other negative resource

Fig. 3. The framework of the methodology and method.
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use impacts. It has been demonstrated that technological innovation
can directly affect EE. In line with the measurements provided by
Costantini et al. (2017), the “IPC Green Inventory” by WIPO for green
technology patents in China was as follows: biofuels, other thermal
manufacturing or uses, rail vehicles, energy supply lines, general
building insulation, recycling mechanical energy, and wind and fuel
cells (Fujii and Managi, 2019; Ren, 2010). Therefore, in this case, the
number of accepted green patent applications is used to represent the
GTI.

3.2.1.4. Control variables. Industrial Agglomeration (IA). Based on data
availability, the ratio of employment in a specific industry sector to
total employment in all industries is adopted in this paper to reflect the
impact on EE (Yu et al., 2018). Urbanization Level (UL). Accelerating
ecological loss and environmental pollution result from constantly
increasing urban populations and the expansion of urban-land use,
which is caused by the urbanization process and reflected in the
urbanization rate (Liu, 2009). Foreign Direct Investment (FDI). The
ratio of FDI to GDP is taken to observe the relationship in the Yangtze
River Economic Belt (Yu et al., 2018). Cultural Literacy (CL). Public
perception correlates well with urban EE; however, due to a lack of data
in China, library stocks are usually chosen as representatives by Chinese
scholars in urban perception studies (Gudipudi et al., 2018; Yanqun and
Yuan, 2017). Therefore, in this paper, book stocks per inhabitant are
adopted to reflect cultural literacy.

3.2.2. Study area
The goal for the Yangtze River Economic Belt (YREB), as published

in the “Outline of YREB development plan” in 2016, was to cultivate a
world-class industrial cluster (Anonymous, 2016). YREB has been built
on a 2.05 million square kilometer “green, ecological corridor” that
encompasses over 40% of both the population and GDP in China. It
consists of five major urban agglomerations; the Yangtze River Delta
Urban Agglomeration (YDUA), the Poyang Lake City Cluster (PLCC),
the Wuhan City Circle (WCC), the Chang-Zhu-Tan City Cluster (CCC),
and the Cheng-Yu Urban Agglomeration (CYUA), as shown in Fig. 4. As
a typical green development demonstration zone, it plays a crucial role
in the nation's development strategy because of the extreme sensitivities
between economic development and ecological environmental protec-
tion, polarization and coordination, and local governments and the
central regime.

3.2.3. Data source
All data on the aforementioned variables for 57 cities in the Yangtze

River Economic Belt of China were collected from 2008 to 2016. The
GTI raw data were obtained through manual collection from the China
intellectual property office information servchangshaice platform.
Patents were extracted from the CNIPA database and assigned to the
five urban agglomerations based on the “IPC Green Inventory”

identification codes in Ren (2010), and the collected data were finally
used to aggregate the number of patent applications at the prefecture
level. Other data were extracted from the China City Statistical Year-
book, the China Statistical Yearbook, the China Environment Yearbook,
the China Energy Yearbook, and the statistical yearbooks in each pro-
vince. Additionally, data from the Chinese ministry of ecology and
environment and Chinese environmental protection information were
used as supplementary data.

4. Results and discussion

4.1. Analysis of the fuzzy information-entropy-based EE

4.1.1. Changes in the space dimension
Due to environmental externalities, governments need to develop

regulations to limit the unrestrained expansion of non-green enterprises
(Zhao et al., 2017). The “Lucid waters and lush mountains are invalu-
able assets (Xi, 2017)” slogan proposed by President Xi Jinping, who
came into power in November 2012, and the “Kyoto protocol“ passed
by the members of the United Nations Climate Change Conference in
2009 to focus on emissions reduction from 2012, have led to a dramatic
improvement in the environmental situation in China. Fig. 5 shows that
the YREB regional EE declined significantly over the first five years but
markedly improved in the four years from 2012 to 2016.

With the increasing reform and opening up, the east-central regions
of China have experienced industrial transfers from the eastern cities as
well as a higher FDI, resulting in significant growth in resource con-
sumption and the associated environmental damage; however, the si-
tuation improved by 2016. Since the industry shift was proposed, the
secondary cities in these two agglomerations optimized the industrial
agglomeration, which was also driven by the first-tier YDUA cities. In
contrast to the PLCC and WCC, the EE trends in the Chang-Zhu-Tan City
Cluster (CCC), which has three central cities, Changsha, Zhuzhou, and
Xiangtan, were quite different from the adjacent areas. Even though
Xiangtan was stable, there were continuous declines in Zhuzhou,
Changsha's situation worsened in 2016, and the environmental condi-
tion in the second-tier cities was not optimistic. CCC is located in
central China and experienced a major industrial transition of a large
number of heavy industrial enterprises. Infrastructure development in
the satellite cities was significantly lower than in the central areas with
upgraded roads and greater technical development, therefore attracting
more manufacturing. However, as the local government focused only
on economic growth, there were significant declines in EE. Cheng-Yu
Urban Agglomeration (CYUA), which is located in western China, has
two cores: Chengdu and Chongqing. Chengdu's EE remained steady at
the highest, whereas Chongqing's decreased in 2012 and then revived to
the fifth level in 2016. Further, some satellite cities had lower eco-ef-
ficiencies, while others such as Guangan improved.

Table. 1
Indicators for evaluating regional EE.

Category Indicators & Direction Mean Max. Min. Std. Unit

Input Investment in Fixed Assets - 8,661,365.95 153,679,690.00 15,509.49 16,787,061.03 100 million yuan
Energy Consumption -1 113.48 2877.36 0.21 312.80 10,000 tons
Area of Land Used for Urban Construction - 11,743.31 319,072.00 40.33 34,852.43 Square meter
Water Supply - 142.03 1116.00 14.00 175.11 10,000 tons

Desirable Output Regional Gross Domestic Product +2 12,701,264.91 204,421,887.71 796.53 26,260,776.25 100 million yuan
Undesirable Output Volume of Industrial Waste Water Discharged- 4956.84 70,754.00 13.10 9618.08 10,000 tons

Volume of Sulphur Dioxide Emission- 26,926.29 509,788.00 51.70 52,841.72 10,000tons
Volume of Industrial dust Emission- 16,762.75 1,347,367.00 15.12 64,136.02 10,000tons

1 The Energy Consumption consists of the sum of three indicators as Coal Gas, Liquefied Petroleum Gas and Electricity Consumption, which were converted into
tons of coal.

2 At 2008 price.
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4.1.2. Changes in the time dimension
Robaina-Alves et al. (2015) evaluated the resource and environment

efficiency problem of European countries and divided their sample into
two distinct periods based on the implementation of environmental
targets. As shown in Fig. 6, the eco-efficiencies in this paper were then
plotted over two periods; from 2008 to 2012, and from 2013 to 2016.
The YREB environmental situation worsened from 2008–2012, with
noticeable heterogeneity not only between the five agglomerations but
also within each agglomeration. However, from 2013–2016, the eco-
performance improved and the regional differences declined, which
indicated that the environmental situation in surrounding areas was
affected by the central cities and that urban agglomerations might in-
fluence regional EE.

4.2. Spatial empirical results and analysis

4.2.1. Spatial autocorrelation and social network analysis results
Moran's I indices were applied to examine the presence of spatial

agglomeration and spatial heterogeneity. Spatial agglomeration is the
same as spatial clustering, which represents the existence of spatial
dependence driven by geographical, technological, social or institu-
tional proximities (Fiaschi et al., 2017). Table 2 shows the results of EE,
GTI, and ER for each year from 2008 to 2016. Moran's indices for GTI
and ER were greater than zero, indicating spatial agglomeration; the
statistical values were significant at the 10% level over the sample
period. There appeared to be greater spatial agglomeration among the

three variables, which could significantly affect individual empirical
estimations. Therefore, a dynamic spatial panel data model was used
for more precise results.

To show the spatial patterns of ER and GTI, we use the technique of
social network analysis to capture the spatial spillover, applying the
gravity model to build spatial connections. The results show Chongqing,
Chengdu located in the central part of the green technology innovation
spatial correlation network of the Cheng-Yu Urban Agglomeration.
They communicate with other cities frequently and control the flow of
resources. In the Wuhan City Circle, Wuhan and Xiangyang receive
more relations from other cities, and resources related to GTI are de-
livered to them. In the Chang-Zhu-Tan City Cluster, GTI relations
generally exist between cities, and Changsha plays a significant role in
it. Spatial correlation of the Poyang Lake City Cluster is more complex,
almost every city has numerous relations with others and Hefei,
Maanshan and Xuancheng are the main controllers in the network.
Wuxi, Suzhou and Shanghai are at the heart of the Yangtze River Delta
Urban Agglomeration GTI network, receiving many relations from
other cities. Additionally, the spatial correlation network of ER has si-
milar characteristics to GTI.

4.2.2. Overall discussion of the spatial regression results
4.2.2.1. One year lagged EE and the spatial lagged terms. The estimated
results are reported in Table 3. To obtain robust results, the overall
sample period was divided into two stages as in the previous analysis,
and a model of fixed space and year was employed to ensure robustness

Fig. 4. The location of the Yangtze River Economic Belt.
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and endogeneity; therefore, there were 10 columns of estimated results
for the five urban agglomerations. The null hypotheses of spatial error
and a lag model were rejected, which indicated that the dynamic SDM
could be reasonably adopted.

(1) YDUA region

Columns 1 and 2 show that the coefficient for the one year lagged
EE (EEt 1) was negative (−0.273) and significant at the 1% level

Fig. 5. The level of EE across space. (a) EE in 2008. (b) EE in 2012. (c) EE in 2016.
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(t = −2.433), which meant that each unit increase in EEt 1 induced a
31% (e 1 0.314(0.273) ) decrease in the current EE in the early period.
The effect was not obvious in the late period but played a certain role in
the process of that change. This phenomenon was consistent with the
theory of Rostow (1959), while the outcomes are inconsistent with
Luo and Wang (2017), that is, although the previous eco-performance
was good, the potential environmental deterioration could gradually
appear with the acceleration of economic development and urbaniza-
tion, which would inevitably affect EE. Even though local governments
may focus on the environment, dramatic economic growth, which is
often ignored in EE estimations, could lead to lower EE performances in
the following years. The spatial spillover effects coefficient for
EEt 1( ×W EEt 1) in YUDA was unfavorable (−2342) from 2008–2012,
which indicated that the pollutant emission diffusion tended to affect
the whole neighborhood. However, the spatial spillover effect coeffi-
cient for EEt 1( ×W EEt 1) in YUDA (0.972) from 2013 to 2016 (non-
significant at the 10% level) revealed extensive development at the cost
of the environment.

(1) PLCC region

As seen in columns 3 and 4, the coefficient for EEt 1 was poor
(−0.666) and significant at the 5% level (−2.269) from 2008 to 2012,
and it was high (0.136) and significant at the 1% level (3.099) from
2013–2016. The coefficient for ×W EEt 1 was consistent with that of
YDUA, but it was not significant. In particular, in the late period, the
PLCC eco-status was better than that in YDUA. Because of the central
government foreign investment and industrial transfer development
policy, Poyang Lake district implemented measures such as the re-
storation of excess reclaimed land to lakes, which increased their eco-
status not only in the current year but also in the later periods. This
phenomenon can be explained by limited cognitive capacity, as one

part of institutional ecological economics, which suggest that agents
need time for learning and for clarifying their goals and preferences.
This highlights the importance of procedures for learning and partici-
pation in environmental decision making (Norgaard, 2004).

(1) WCC region

The coefficient for EEt 1 was negative (−0.640) and significant at
the 10% level (−1.888) from 2008 to 2012, and it was positive
(−0.084) and significant at the 1% level (−5.523) from 2013–2016.
The spillover coefficient was negative (−11.895) and significant at the
1% level (t = −4.892) in the early period and had the largest value
among the five urban agglomerations, which indicated that the en-
vironmental destruction in the WCC had the largest negative spillover
effect. However, a significant recovery occurred after 2012, with a
positive spillover coefficient (0.326) that was significant at the 1% level
(3.951) from 2013–2016. This result indicated that through joint ef-
forts, the environmental protection measures yielded notable results.

(1) CCC and CYUA regions

Columns 7 and 8 indicated that the coefficients for EEt 1 and their
spatial spillover effects were negative (−0.579, −0.087, −10.611,
−5.558) and significant at different significance levels (t = −4.117,
t = −0.605, t = −7.389, t = −1.695), which clearly indicated that
the previous human economic activity not only had a negative effect on
the current eco-condition but also affected neighboring regions.
Similarly, in the CYUA, the coefficients for EEt 1 were nonsignificant
(−0.087, −0.224), but the spatial spillover coefficients were sig-
nificant at the 1% level (−4.059, t = −2.658) and the 10% level
(−1.434, t = 1.959). As the CYUA is located in western China, eco-
nomic development lagged behind the others, resulting in less pollutant

Fig. 6. Levels of EE in two periods. (a) EE from 2008–2012. (b) EE from 2013–2016.
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emission and, therefore, a smaller coefficient for the regression results.

4.2.2.2. ER, GTI, and their interaction term between the five urban
agglomerations

(1) YDUA region.

As shown in columns 1 and 2, in YDUA, ER andER2 had negative
correlations with EE and were significant at the 10% level over the
sample period, because of the degree of marketization and tax savings.
Resolving environmental problems using market incentives is more
efficient for the eastern regions (Ren et al., 2018). Free-market liber-
alism argues that the best way to understand how the market system
works is to see it as a “wealth-creating game” (Hayek, 1976). Let
market participants make their own choices within the rules of the
game. Whether the game is worth playing can only be judged by the
desirability of the resulting model, not by the intervention
(Vanberg, 1999). The results suggest that less regulation helps YDUA
region to improve the state of economy and environment. Compared
with the other urban agglomerations, YUDA's local government
adopted a loose environmental policy because of its advanced mar-
ketization, which reduced the unit costs of environmental protection

(Li and Wu, 2017). However, as pollutant charges are the responsibility
of the enterprises in Chinese financial accounting, to achieve a marginal
tax savings, there was a higher possibility of potential enterprise pol-
lution emissions. Therefore, as the environmental compliance costs
were less than the governance costs, there was a tendency to follow a
compliance cost strategy. The coefficients for the spatial lag terms for
ER andER2 were negative and significant at the 10% significance level,
which indicated that under the influence of the local ER, the neigh-
boring eco-efficiencies underwent a similar downturn. This analysis
indicated that EE is influenced by resource consumption and environ-
mental pollution. The local ER stimulated the potential pollutant
emissions tax-saving incentives, and in the neighboring regions, the
resource use had an inward flow; that is, the higher resource con-
sumption aggravated both the local and neighborhood environments.
The increase in local pollution emissions from expanded production
also resulted in a negative overflow effect on the neighboring eco-
status. The regression coefficient for GTI was not significant from 2008
to 2012, which suggested that the efficiency commercialization was low
and that technological innovations had not yet been applied to the
production process. However, from 2013–2016, the regression coeffi-
cient for GTI was positive at the 5% significance level, in accordance
with the conclusion of Kiani Mavi, Saen and Goh (2018), which

Fig. 7. The spatial pattern of GTI and ER. (a) The spatial correlation network of GTI. (b) The spatial correlation network of ER.
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indicated that this was a high-tech demonstration area with clean
production and end treatments. Therefore, GTI played a positive role in
the eco-situation in YDUA as the labor productivity and competitive
advantage were improving in homogeneous enterprises. The interaction
term GTI × ER was significant and positive at the 10% significance
level. “Porter's hypothesis” states that GTI has no obvious effect on EE;
however, under the regulating effect of ER, individuals adopt a different
cost advanced strategy to leverage the compensation effects of GTI to
cover the ER costs. The spatial lagged term of interaction was sig-
nificant and positive in the early period, revealing the interaction effect
between ER and GTI and indicating that EE in both local and neigh-
borhood areas was promoted; this represents a “race to the top” phe-
nomenon. The spillover of EE further verified our hypothesis. In terms
of interdependence and social capital, cities in YDUA formed social
scale effect.

Fig. 7. (continued)

Table. 2
Moran's I indices of the variables.

EE GTI ER

Year Moran's I Z statistic Moran's I Z statistic Moran's I Z statistic
2008 0.194** 2.220 0.079* 1.445 0.187** 2.540
2009 0.139*** 1.874 0.124** 2.402 0.176** 2.399
2010 0.158** 1.884 0.093* 1.559 0.180** 2.466
2011 0.122** 1.506 0.074 1.144 0.233*** 3.179
2012 0.140** 1.724 0.100* 1.745 0.331*** 4.437
2013 −0.056** −0.571 0.132** 1.924 0.290*** 3.936
2014 −0.045** −0.388 0.095* 1.436 0.306*** 4.104
2015 −0.074* −0.747 0.106* 1.633 0.285*** 3.849
2016 0.027*** 0.540 0.064* 1.019 0.277*** 3.724

*p ≤ 0.10, **p ≤ 0.05, ***p ≤ 0.01.
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(1) PLCC region.

Columns 3 and 4 show the coefficients for ER (significant and po-
sitive) andER2 significant and negative) in the PLCC from 2008 to 2012,
suggesting that there was a U-shaped relationship between ER and EE,
which was consistent with “Porter's hypothesis” and supported by
Gao (2018). The spatial lagged terms were not obvious during the later
period, indicating that the government in this agglomeration had in-
dependent policy-making and a higher degree of fiscal decentralization
as there was no obvious interactivity with the environmental policy
formulation. The u-shaped relationship indicates that the initial as-
signment of transaction costs changed with the institutional evolution.
Transaction costs decrease with the perfection of systems, subsequently,
the EE has been improved. The GTI had a positive impact on EE at a 1%
significance level in the early period, which tested our hypothesis and
suggested that the conversion efficiency of the GTI in the PLCC was
stronger, further elucidating “Porter's hypothesis”. However, from 2013
to 2016, the significant and positive effect was not evident, primarily
because of the industrial transfers and increased foreign investment. As
enterprises in the urban agglomeration directly utilized the technology
of others to ameliorate their clean production and end treatment, the
positive local GTI significance weakened, which can also be observed
based on the favorable relationship between FDI andEE. The coefficient
of their interaction term was positive and significant from 2008 to
2012, further verifying our hypothesis.

(1) WCC region.

Columns 5 and 6 show that the coefficients for the observational
variables had the same direction effect across the whole sample period.
The ER and EE showed an obvious inverted “U-shape” at a 5% sig-
nificance level, in agreement with the conclusions of Ren et al. (2016).
Similar to the “Population Policy” in China, even if fines can limit some
fertility, most of the rural families still tend to pay the penalty for
having more children (Bogg, 2011; Li, 1998). According to Porter's
hypothesis, factories tend to reduce pollution within limits. There is a
fixed penalty payment when the discharge exceeds a certain larger
standard, but the fixed fine now experiences difficulty exerting a larger
effect on enterprises, forming a penalty-induced decline in EE
(Chen et al., 2006; Cui, 2019; Yu, 2015). Thus, an inverted “U-shape” is
presented, and the sketches of the nonlinear correlations are shown in
Fig. 8. The ER level in the WCC remained in the upward phase of the
inverted “U” curve, and related bodies achieved greater environmental
benefits at lower costs because they had better resource allocation by
comparing costs and benefits. In contrast to YDUA, where the en-
vironmental issues were resolved through market incentives, both EE
and marketization in the WCC were reduced. The marginal benefit
decreased and the ER intensity increased, thereby losing its superior
regulating effect. Consequently, an inverted “U-shaped” relationship
appeared. The spatial lagged terms for ER and ER2indicate an obvious
inverted “U-shaped” relationship between the local ERs and the
neighborhood eco-efficiencies at the 5% significance level; that is,

Table. 3
Results of the dynamic spatial panel data model at five urban agglomeration levels.

Regions YDUA PLCC WCC CCC CYUA
Variable/ Period 2008–2012 2013–2016 2008–2012 2013–2016 2008–2012 2013–2016 2008–2012 2013–2016 2008–2012 2013–2016
EEt 1 −0.273*** −0.024 −0.666** 0.136*** −0.640* −0.084*** −0.579*** −0.087 −0.224 −0.050

(−2.433) (−0.727) (−2.269) (3.099) (−1.888) (−5.523) (−4.117) (−0.605) (−1.631) (−1.269)
GTI −0.298 0.338** 1.397*** 0.016 −0.912** −1.630*** 0.792*** −3.909*** 1.379*** −0.990***

(−0.69) (2.111) (3.277) (0.045) (−2.165) (−19.84) (2.836) (−5.344) (4.267) (−4.086)
ER −1.281* −0.219* −1.203* −0.227 1.204** 2.932*** 1.638*** 8.412*** 0.633* −0.760***

(−1.873) (−1.766) (−1.915) (−0.44) (2.099) (11.635) (2.875) (2.680) (1.836) (−2.450)
ER2 −0.631 −0.231* 1.422** 0.181 −1.327** −2.490*** −1.687*** −9.411*** −0.839* −0.748

(−1.232) (−1.776) (1.998) (0.556) (−2.338) (−14.986) (−3.382) (−3.417) (−1.689) (−1.498)
GTI × ER 0.508* −0.613*** 1.627*** 0.121 0.541** 1.830*** −0.899*** 5.001*** −0.695*** 2.687***

(1.742) (−3.603) (3.071) (0.284) (2.057) (17.028) (−3.917) (6.541) (−2.528) (10.247)
IA 0.339*** 0.043*** 0.230 0.068 −1.484*** −0.084*** −0.052 −4.658*** 0.039 0.061

(2.532) (1.452) (1.211) (0.520) (−2.859) (−6.907) (−0.490) (−5.785) (0.488) (1.474)
UR 0.583 −0.274* −0.249 −0.026 1.653*** 1.641*** −0.944*** −32.314*** 4.997*** 0.684

(0.82) (−1.831) (−0.161) (−0.698) (2.445) (6.411) (−3.504) (−7.213) (3.012) (0.578)
FDI 0.063 0.005 −0.119 0.673*** 0.140 0.103*** 0.471 −2.853*** −0.315 −0.210

(0.394) (0.168) (−0.261) (3.564) (0.361) (9.310) (1.339) (−3.437) (−0.826) (−1.546)
CL 0.388 0.139*** 0.414 0.041 1.180*** 0.363*** 1.419*** 0.375** 1.830*** 0.007

(1.603) (2.774) (0.674) (0.540) (3.868) (11.426) (6.671) (1.991) (2.938) (0.211)
×W EEt 1 −2.342 0.972 −2.793 0.339 −11.895*** 0.326*** −10.611*** −5.558* −4.059*** −1.434*

(−1.234) (1.492) (−0.875) (0.636) (−4.982) (3.951) (−7.389) (−1.695) (−2.658) (−1.959)
W × GTI −28.413 −1.344 3.283 −8.825 −20.792*** −6.388*** 13.401*** 0.532 12.095*** −13.337***

(−1.105) (−0.275) (1.168) (−1.279) (−2.763) (−7.919) (4.201) (0.052) (3.526) (−2.454)
W × ER −20.846* −0.581 1.271 13.796 18.787*** 10.503*** −1.071 10.360*** −13.047 −0.584

(−1.662) (−0.339) (0.138) (1.542) (2.485) (12.445) (−0.198) (2.859) (−1.200) (−0.187)
W × ER2 −2.244 −0.204 −4.806 −9.057 −21.220** −6.984*** 0.202 −8.805*** 0.227 8.225

(−0.298) (−0.069) (−0.568) (−1.268) (−2.321) (−7.748) (0.047) (−3.274) (0.029) (1.131)
W × GTI × ER 28.134** 0.930 5.572 11.769 10.703** 8.733*** −9.632*** 12.246 −5.062** −9.732

(2.233) (0.222) (1.112) (1.368) (2.205) (8.444) (−3.985) (1.208) (−2.332) (−1.335)
W × IA 1.648*** 0.372 8.051* 4.482 −5.931** 0.022 −0.599 −38.053*** −0.810 −0.358

(2.575) (1.205) (1.918) (1.578) (−2.114) (0.102) (−0.760) (−4.401) (−0.717) (−0.685)
W × UR 30.277** −3.695 −24.953 1.445 23.543** 50.368*** −19.343*** −78.359*** 78.452*** −0.728

(2.316) (−1.561) (−1.155) (1.184) (1.994) (13.077) (−9.366) (−6.084) (2.585) (−0.064)
W × FDI 0.493 −0.475 −15.479* 10.998*** 10.442*** 2.567*** 20.188*** −15.520** 2.000 6.757

(0.179) (−1.485) (−1.882) (2.801) (2.722) (14.072) (4.873) (−2.383) (0.307) (1.617)
W × CL −1.273 0.683 −0.047 1.422*** 13.856*** 7.415*** 13.485 0.721 20.424* 1.844***

(−0.317) (0.413) (−0.006) (1.327) (3.427) (16.108) (1.236) (0.197) (1.943) (2.936)
W*dep.var. −0.580* −0.527** −0.527 −0.395** −0.508*** −0.573*** −0.096*** −0.352 −0.996* −0.660***

(−1.914) (−2.370) (−1.625) (−2.088) (−2.749) (−6.277) (−3.059) (−1.469) (−2.592) (−1.769)
Corr-squared 0.341 0.784 0.755 0.786 0.848 0.992 0.924 0.990 0.433 0.974
Log-likelihood −33.669 93.525 −2.491 43.981 21.109 75.062 34.316 37.295 −13.078 62.599

*p ≤ 0.10, **p ≤ 0.05, ***p ≤ 0.01.
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because of the effect of the local ER, the neighboring eco-condition was
the same as the local area. In other words, there was homogeneity in the
environmental policy formulation as the ER was the same in the pre-
fecture-level cities. The GTI in the WCC had a negative effect on EE at
the 5% significance level, which was the reverse of our hypothesis. An
“energy rebound effect” (Wang et al., 2014; Zhang et al., 2017) was
applied to assess this interesting phenomenon. We called it “the re-
development of limited cognitive capacity”. On the one hand, EE is
affected by environmental pollution and resource consumption, which
also acts as a catalyst for GTI to exert an influence on EE. On the other
hand, GTI enhances resource utilization and promotes clean production,
and technological innovation improves labor productivity and stimu-
lates economic growth, thereby increasing the demand for energy, in-
creasing production pollutant emissions, and reducing the overall EE.
Therefore, it cannot be simply understood as a mere negative-effect
issue, as an energy rebound effect driven by green technology progress
generates marginal growth in energy consumption and pollution
emissions and a downturn in EE. The spatial lagged terms were un-
favorable at the 1% significance level, indicating a harmful spatial
spillover effect. This is consistent with institutional ecological eco-
nomics, Resource use by one agent precludes it by another, potentially
trigger a race for resources units (Hardin, 1968). In the case of limited
resources, one agent's choice limits the range of choices available to
other ones (Paavola and Adger, 2005). According to the theory of factor
markets, the neighboring energy resources flow into the demand area,
resulting in an overflow of environmental pollution, which in turn leads
to a decreased EE. The coefficients for the interaction and spatial lagged
terms were positive at the 5% significance level, which signified that
when there is an “energy rebound effect”, a moderate ER can adjust the
adverse effects of the GTI and have a positive impact, which also en-
couraged the “race to the top” trends in both the local area and the
neighborhood.

(1) CCC region.

Columns 7 and 8 show an inverted “U-shaped” relationship between
ER and EE at the 1% significance level in the CCC region, which aligned
with the results in the WCC region. Both ER and EE were on the rising
phase of the curve, and the late period numerical value was larger than
the early period, indicating that the local government needed to control
the ER regulating effect. The spatial lagged coefficient for ER was not
obvious in the early period, but it later showed a significant similar
trend, indicating a gradual policy convergence as neighboring govern-
ments began to imitate each other to guide eco-policy making. The
promising role of GTI and its spatial lagged term in EE at the 1% sig-
nificance level in the early period indicated that GTI was boosting en-
ergy conservation cooperation, with both the local and neighboring
areas benefiting from the green technological spillovers, and the energy
rebound effect had not yet appeared. However, the GTI coefficient was
later negative at the 1% significance level, indicating that the marginal

energy consumption increases resulted in a diminished EE. As the
spatial lagged term was not obvious, the local energy rebound effect
had not yet extended to the neighbor, where the favorable impacts of
the marginal GTI were still being felt. The interaction coefficient and its
spatial lagged term were negative at the 1% significance level in the
early stage, suggesting that when EE was being promisingly affected by
GTI, its marginal contribution was decreased because of the ER local
regulating effect. Thus, the neighboring EE trend was similar to the
local area, indicating that there was a strong spatial spillover and a
“race to the bottom” phenomenon. This phenomenon could be illu-
strated by free riding. As interdependences exist in classic externality
cases, scholars have proposed the possibility of free riding. One agent's
choice of free riding increases the cost of providing services to other
agents and reduces their willingness to participate in providing services
(Paavola and Adger, 2005). Even though the EE was poorly affected by
the energy rebound effect, after the ER regulating effect in the late
period, EE was favorable at the 1% significance level, signifying that the
energy rebound marginal energy consumption and marginal pollution
emissions could be counteracted by ER regulating impact and EE pro-
moted. As the spatial lagged term was not significant or positive, a
promising neighborhood ER trend was expected to emerge.

(1) CYUA region.

Columns 9 and 10 show a similar correlation relationship to col-
umns 9 and 7; that is, the variables appear to have the same early
period trends as in the CCC and the CYUA regions, so only the late
period results are discussed herein. First, EE was negatively affected by
ER at the 1% significance level, indicating that as the ER intensity in-
creased, the favorable marginal impact on EE vanished. As the spatial
lagged term for ER and ER2was not obvious, the CYUA had independent
eco-policies. The GTI and its spatial lagged coefficient contributed little
to the poor eco-condition at the 1% significance level as the “energy
rebound phenomenon” in the CYUA was unfavorable for the neigh-
borhood. The interaction term was positive at the 1% significance level,
and its spatial lagged term was not obvious, which seemed to suggest
the presence of an energy rebound. EE could be improved by the ER
marginal regulating effect. However, as mentioned before, as ER was
generally detrimental to EE in this period, the ER intensity must be
properly controlled to achieve the marginal contribution.

In summary, the relationship of ER, GTI, and EE varied with the
changes in regional factors, resource burden, government-governing
modes and degree of marketization, validating the ecological eco-
nomics theories from different perspectives. Both institutional ecolo-
gical economics and free market theory consider institutions as the
influencing factors in resource allocation. Use-changing institutions
influence the allocation of resources, and the institutional structure
provides incentives for individuals to conserve or deplete scarce re-
sources (Paavola, 2007; Stroup, 2000). There is no doubt that institu-
tional ecological economics are suitable for environmental governance

Fig. 8. Sketches of the nonlinear correlations between EE and ER.
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in China, but this does not mean that each regulation is necessary, and
uniform implementations should be utilized in distinct regions. From
the perspective of ecological spillover, deep-seated and differentiated
development environmental policies must be implemented (Yu et al.,
2018). Controlling policies should be performed, such as internalizing
the externality of regional economic development by market mechan-
isms in developed areas and strengthening government-led environ-
mental governance policies in developing districts. (Considering the
length and focus of this study, we omitted the discussion of control
variables. Anything you want to know, please do not hesitate to contact
with us.)

4.2.3. Robustness test and control for endogeneity
From these results, it is clear that the selection of an appropriate ER

index is crucial to verify the hypotheses. Generally, pollution control
investment has been chosen as a substitute for pollution charges.
However, because of the lack of data on pollution control investments
in the prefecture-level cities from 2012 to 2015, solid waste utilization
was chosen as the substitute for ER in this paper. As shown in Appendix
Table 2, the coefficients and significances for the core variables were
basically consistent with the previous outcomes; however, there were
some differences, as seen in columns 6 and 10. The GTI coefficient was
not significant, had a positive EE impact, and influenced the effect of its
interaction term with ER. Therefore, as there may have been a mea-
surement error in the different agent variables, in some cases, ER may
not be able to be fully described by solid waste utilization. From an-
other perspective, different effects are driven by different ERs, which
are divided into several types. As there could be a mutual influence
between solid waste utilization and GTI, the changes in the partial re-
gression coefficients were not unreasonable. Overall, however, chan-
ging the core variable did not alter the influence path of ER and GTI on
EE; therefore, the previous results can be judged as rational.

As for endogeneity, based on the differences in the variables in the
time and spatial dimension, the period and spatial fixed effect model
was applied to control for unobservable factors error caused by the time
and unit factor (Chong, 2017; Lin and Liu, 2009). We then verified the
endogenous problems caused by interaction to ascertain the presence of
reverse causality. The dependent variable (EE) and explanatory vari-
ables (GTI and ER) were exchanged to evaluate the endogeneity caused
by reverse causality in the Yangtze River Economic Belt (the whole 65
cites) and each urban agglomeration. The empirical outcomes (Ap-
pendix Table 3 and Appendix Table 4) showed that the effects of EE on
GTI and ER were not significant (except EE was negatively correlated
with ER in YDUA), which suggested that the simultaneity bias was
unremarkable. Thus, we contend that as a whole, the endogenous
problems caused by reverse causality were not significant.

5. Conclusions

In this paper, a fuzzy information-entropy method was adopted to
estimate the EE values in 57 cities of 5 agglomerations in China's
Yangtze River Economic Belt from 2008–2016. Then, a spatial
weighting matrix was used to generate a spatial correlation of each city
based on geographical distance and to explore the global spatial auto-
correlation through Moran's I index. Finally, by controlling the in-
dustrial agglomeration, urbanization levels, foreign direct investment,
and cultural literacy, a spatial dynamic Durbin model was established
to analyze the impacts on regional EE from ER, GTI, their interaction
term, and other spillover factors.

The classification and research on a sample city revealed visible
time and space differences in regional eco-efficiencies. For the time
dimension, due to international conventions and domestic leadership
transitions, a notable pattern was identified for each of the two periods:
2008–2012 and 2013–2016. From 2008–2012, the consumption of
natural resources and environmental pollution caused by the extensive
economic growth in the Yangtze River Economic Belt resulted in severe

ecological damage and an obvious decline in EE. However, from 2013
to 2016, the changes driven by domestic and foreign factors from ex-
tensive to intensive development led to an increase in regional EE in
most cities. From a space dimension perspective, the five agglomera-
tions were found to perform differently, and there were significant in-
ternal differences. Overall, the highest eco-efficiencies occurred in the
eastern Chinese regions, followed by the central and western regions,
with some individual cities (e.g., Zhuzhou and Changsha) facing serious
ecological problems, especially in 2016. In each urban agglomeration,
the central cities tended to be the best performers, and because they
shared resources and environmental consumption, the satellite cities
had lower efficiency values.

Moran's I index clearly indicated a spatial agglomeration in ER, GTI,
and EE; therefore, a dynamic spatial Durbin model was employed, the
main results from which were as follows.

(1) EE was found to be negatively correlated with the immediate-past
period in most cases because resource consumption and potential
environmental deterioration usually lag, and may gradually appear
in the next period. The spatial spillover term was also negative,
which indicated that emissions did not easily disappear and could
pollute the neighborhood. However, there was an exception in the
PLCC, as an ecological recovery project was implemented and
yielded positive results from 2013–2016.

(2) The relationships between ER, GTI, and their interaction term with
EE showed significant heterogeneity. In the YUDA, ER was negative
while GTI was positive, the interaction results were unfavorable,
and their spatial lagged terms suggested a “race to the top” phe-
nomenon. In the PLCC, GTI was positive and ER showed a “U-
shaped” curve, indicating that the interaction appeared to have a
positive effect on the earlier stage; however, because of the direct
benefit from FDI, this changed to a noncorrelation in the late
period. In the WCC, GTI was negative because of an “energy re-
bound effect”, ER showed an inverse “U-shaped” curve and stayed
in the upward phase, and there was a favorable outcome from the
interaction term. For the spatial lagged terms, GTI was negative
because of a resource crowding effect; however, the interaction
term for ER and GTI provided promising results, which counter-
acted the negative effect of GTI, indicating a “race to the top”
phenomenon. In the CCC, from 2008–2012, GTI was positive, ER
had a “U-shaped” curve, and the interaction term had a negative
effect on EE, which also influenced the neighboring area, leading to
a “race to the bottom” phenomenon. The “energy rebound effect”
had an unfavorable impact from GTI because of the intensity of the
local ER; however, the interaction term indicated an improvement
of EE in the late period. In the CYUA, a similar correlation re-
lationship to the CCC was observed in the early period. When the
“energy rebound effect” occurred in the late period, the ER impact
was negative as the local government had strengthened its en-
vironmental policies; however, the interaction term indicated an
improving EE in the late period. In conclusion, the correlations
between GTI and ER with EE were found to have spatial and tem-
poral heterogeneity between and within the different urban ag-
glomerations. When GTI efficiently improved EE, inadequate and
excess ER intensity weakened the marginal benefit of GTI. When the
“energy rebound effect” occurred, which has a negative impact on
EE, a moderate ER was found to reduce the harmful influence of GTI
and promote a marginal benefit in the interaction term. The “race to
the top” phenomenon was found to be more likely to occur in
eastern and east-central urban agglomerations, while a “race to the
bottom” was observed in the western and mid-western city clusters.

6. Policy implication

Based on these conclusions, some relevant policy implications are
drawn:

Y. Liu, et al. Technological Forecasting & Social Change 155 (2020) 119993

16



(1) In the YDUA, ERs should be weakened rather than reinforced to
maximize the automatic market regulation mechanism. Because it
is an economic development demonstration area, the Shanghai
local government should explore innovative designs in market in-
centive systems that provide both economic and ecological benefits.
Investment in innovative research and development focused on
green environmental protection should be increased to give full
play to the marginal benefits of GTI. As the interaction term was
negative, additional policies and regulations should be im-
plemented based on local city conditions. The adjustment and op-
timization of industrial agglomerations need to be fully realized to
achieve scale economies and attain regional comparative ad-
vantages. Because of the “race to the top” effect, a local government
should continue to seek regional cooperation to develop a virtuous
circle for the region's economy.

(2) Because it has the largest FDI contribution and relies on foreign
green technologies, the PLCC needs to implement clean production
and terminal treatment systems to improve EE. The local govern-
ment should take advantage of FDI and make full use of the mar-
ginal benefit. However, concurrently, technological innovation
should be encouraged by both the local government and the en-
terprises to guard against foreign capital risks. Flexible ERs are
needed based on local conditions, and the local government should
capitalize on its geographical advantages and learn from the east
coast urban agglomerations.

(3) To further develop its EE, the local government in WCC needs to
consider not only the energy conservation achieved through tech-
nological change but also the energy rebound effect to avoid
overestimating the energy conservation achieved by technological
progress. Therefore, ERs should be based on GTI, and regulations
should be strengthened when an energy rebound effect occurs and
weakened if there is a marginal benefit to better promote ecological
conservation. Because of the “race to the top” phenomenon, co-
operation between the local government and enterprises should be
strengthened. As the industry has a negative effect on the local EE,
traditional industries should be encouraged to invest in new, effi-
cient clean technologies. The urbanization quality needs to be
maintained while improving the urbanization rate, and foreign
capital can be sought to promote clean production.

(4) In the CCC, the impact of GTI changed from favorable to negative as
the original marginal growth was offset by the energy rebound ef-
fect. However, because of the regulating system, EE was able to
maintain stable growth, which indicates that it is necessary to have
flexible environmental policies that can adapt to technical changes.
Because of the “race to the bottom” phenomenon, all cities in the
agglomeration should be encouraged to adopt the same ER stan-
dards. Alternatively, the central government could highlight the
environmental quality and civil environmental protection. The CCC
also needs to assess and adjust its industrial agglomeration, slow
down local urbanization, selectively introduce clean foreign-funded
enterprises, and enhance the local citizens’ environmental protec-
tion awareness.

(5) An energy rebound effect also occurred in the late period in the
CYUA, which indicated that to fully harness the power of govern-
ment regulation and market mechanisms, reasonable regulation
standards are needed as a priority. The urbanization quality needs
to be enhanced, and citizens need to have greater environmental

protection awareness. The central government needs to ensure that
corruption is quickly identified and punished, and the activities of
the government should be made more transparent through the use
of new media to avoid enterprise or government corruption.

7. Limitations and future research

It was difficult to acquire part of the evaluation index data, such as
Volume of Industrial dust Emission, due to the change in statistical
caliber and the lack of data in some area. An interpolation method was
used to fill in the deficiency, inevitably leading to some basis in the
final evaluation results. Governments and scholars need to work to-
gether to standardize the statistical caliber of data and to improve and
revise future EE evaluations. The same data item collected in different
regions or years may incur the problem of inconsistent scales or targets.
Taking the caliber of exhaust gas emission as an example, it may con-
tain sulfur dioxide in the first 3 years but not in the latter 3 years, or
sulfur dioxide is included in Shanghai's statistics, but not in Chengdu's
statistics. This discrepancy calls for the standardization of the statistical
caliber of data.

Moreover, reports on “energy rebound effects” are scarce in the
literature. Further research examining these effects is desirable. From a
theoretical perspective, GTI can significantly improve the local ecolo-
gical environment. However, from a practical perspective, GTI increases
the utilization rate of resources, promotes clean production, improves
labor productivity and stimulates economic growth, leads to increased
energy demand and emission of production pollutants, and results in a
negative impact on resources and the environment. Therefore, the
“energy rebound effect” driven by the progress of GTI needs to be
further demonstrated at a broader regional level or in smaller districts,
in terms of the extent to which and how it affects energy consumption
and pollution emissions.
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Appendix

Table. 1
The descriptive analysis of the regression variable.

Variable Abbreviation Observation Mean Max. Min. Std. Unit

Eco-efficiency EE 513 −0.8453 0.2209 −1.8981 0.1992 /
Environmental Regulation ER 513 12,358.81 80,468.00 232.00 14,066.94 10 thousand yuan
Green Technological Innovation GTI 513 47.97 784.00 1.00 95.18 Piece
Industrial Agglomeration IA 513 0.0042 0.0300 0.0002 0.0031 %
Urban Level UL 513 65.26 90.30 23.00 295.70 %
Foreign Direct Investment FDI 513 0.0046 0.0671 0.0000 0.0046 %
Cultural literacy CL 513 93.81 545.56 2.77 89.85 Piece

Table. 2
The robustness results.

Regions YDUA PLCC WCC CCC CYUA

Variable/Period 2008–2012 2013–2016 2008–2012 2013–2016 2008–2012 2013–2016 2008–2012 2013–2016 2008–2012 2013–2016
EEt 1 −0.165 −0.073 −1.156*** 0.27*** −0.98*** −0.076** −0.082 −0.673*** −0.102 −0.246***

(−1.539) (−1.575) (−3.131) (3.802) (−3.693) (−1.961) (−0.46) (−6.969) (−0.734) (−3.502)
GTI −4.018 1.352 0.847* 1.423 −0.546** 0.651 2.852*** −11.097*** −0.638 −0.118**

(−1.181) (0.875) (1.942) (1.111) (−2.066) (0.336) (3.366) (−4.025) (−0.638) (−2.167)
ER −0.442 −1.276* −0.6 −1.545** 1.783 0.026 0.331 9.445* 0.165 −0.062

(−0.177) (−1.946) (−0.648) (−2.096) (1.619) (0.11) (0.29) (1.986) (0.175) (−0.233)
ER2 −0.474 1.234 0.487 1.156* −2.046** 0.006 −0.233 −9.567* −0.29 −0.27

(−0.187) (1.706) (0.449) (1.948) (−1.993) (0.028) (−0.208) (−1.713) (−0.293) (−0.9)
GTI× ER 3.801 −1.257 0.809* 1.275 0.557** −0.757 2.666*** 8.643*** 1.957 2.266**

(1.106) (−0.812) (0.96) (0.925) (2.31) (−0.441) (2.929) (3.307) (1.014) (2.266)
IA 0.264* 0.017 0.188 −0.137 −1.319*** −0.027 −0.327*** −0.361 0.061 0.02

(1.94) (0.41) (0.759) (−1.21) (−3.539) (−0.567) (−2.951) (−0.896) (0.76) (0.187)
UR −0.108 −1.005*** 0.919 −0.079*** 2.216*** −0.08 −0.864*** −2.696 6.795*** 5.998***

(−0.178) (−5.822) (0.411) (−2.466) (2.622) (−0.2) (−2.607) (−1.617) (3.194) (2.589)
FDI 0.159 −0.062 0.082 0.694*** −0.657 0.042 0.346 −1.599* 0.327 −0.253

(0.844) (−1.328) (0.11) (5.357) (−1.423) (0.565) (1.096) (−1.967) (0.962) (−1.281)
CL 0.503* 0.124** 0.121 0.113 1.198*** 0.284** 0.759*** −0.35** 1.863*** 0.017

(1.962) (2.017) (0.11) (1.223) (4.631) (2.235) (4.055) (−2.162) (2.877) (0.257)
×W EEt 1 −0.465 0.017 −11.641*** 2.437** −12.31*** 1.334** −3.918** −2.766** −1.949 −3.687***

(−0.309) (0.016) (−3.303) (2.013) (−6.076) (2.315) (−2.019) (−2.077) (−1.251) (−3.184)
W×GTI −11.802 −26.778* 37.261* −3.835 −24.9* 25.829 −22.294*** 24.652 −30.275 −14.165

(−0.163) (−1.946) (1.65) (−0.24) (−1.955) (1.158) (−3.109) (0.786) (−1.027) (−0.461)
W× ER −42.292 −10.983 13.958* 7.221 6.962 3.011 30.744** 69.316* −25.353** −1.248

(−1.131) (−0.939) (1.987) (0.546) (0.54) (0.869) (2.244) (1.928) (−2.145) (−0.62)
W× ER2 −40.877 8.018 −11.093 −13.093 −8.162 −3.079 −27.331** −74.505* 18.659* 0.395

(−1.129) (0.708) (−1.054) (−1.07) (−0.595) (−1.185) (−2.242) (−1.793) (1.66) (0.148)
W×GTI× ER 13.12 29.724* −37.096* 7.93 25.764*** −23.485 21.929*** 31.461 −37.746 −15.047

(0.175) (1.98) (−1.991) (0.435) (2.684) (−1.191) (2.833) (0.987) (−1.364) (−0.17)
W× IA 0.978* −0.081 7.826 −3.855* −5.134** 2.219*** −2.073*** −5.736 0.738 −1.676

(1.661) (−0.181) (1.342) (−1.952) (−2.084) (2.62) (−3.266) (−1.261) (0.61) (−1.181)
W×UR 12.235 −11.592*** −31.405 −0.479 26.475* 16.808* −10.522*** −4.891 89.826*** 28.399

(1.271) (−3.494) (−0.698) (−0.843) (1.703) (1.979) (−2.586) (−0.371) (2.483) (1.102)
W× FDI −0.902 −1.898** −6.888 10.145*** 5.962 1.588 16.35*** −16.915*** 11.29** −1.268

(−0.252) (−2.022) (−0.514) (4.037) (0.844) (1.528) (3.667) (−2.95) (2.057) (−0.309)
W× CL 5.827 3.282** −2.68 2.788** 11.006*** 6.276*** 5.328*** −2.501* 41.927*** 1.829**

(1.075) (2.417) (−0.131) (2.366) (3.331) (2.675) (4.226) (−1.973) (3.156) (2.09)
W*dep.var. −0.528* −0.995*** −0.458 −0.521 −0.491* −0.46* −0.746** −0.615** −0.995*** −0.816*

(−1.955) (−2.725) (−1.403) (−1.416) (−1.961) (−1.991) (−2.053) (−2.097) (−2.598) (−1.92)
Corr-squared 0.337 0.556 0.533 0.775 0.879 0.885 0.874 0.982 0.434 0.878
Log-likelihood −33.88 65.238 −19.171 43.088 25.456 64.743 25.956 27.331 −13.367 22.97

*p ≤ 0.10, **p ≤ 0.05, ***p ≤ 0.01.
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Table. 3
Endogenous test caused by reverse causality (the effect of EE on GTI).

Variable/Regions ALL YDUA PLCC WCC CCC CYUA
EE 0.006 −0.014 −0.008 −0.008 0.01 0.053

(0.46) (−0.338) (−0.248) (−0.146) (0.131) (1.332)
ER −0.32*** 0.004 −0.214*** 0.078 −0.807 −1.197***

(−4.399) (0.028) (−3.411) (0.277) (−1.873) (−5.329)
EEt 1 0.011 0 −0.012 0.003 0.022 0.067

(0.849) (0.002) (−0.384) (0.023) (0.252) (1.697)
ER2 −0.04 −0.254** 0.1 −0.374 0.566 0.379***

(−0.756) (−2.544) (1.654) (−1.592) (1.414) (2.595)
GTI× ER 0.833*** 0.917*** 0.742*** 0.608*** 0.937*** 0.883***

(34.361) (23.021) (27.473) (5.404) (7.612) (8.527)
−0.005 −0.098*** 0.005 −0.022 −0.015 0.003
(−0.289) (−3.392) (0.237) (−0.385) (−0.079) (0.092)

UR 0.002 −0.847*** −0.005 0.321 0.366 −1.754***
(0.204) (−5.674) (−0.38) (1.377) (0.828) (−3.614)

FDI 0.056*** 0.118*** 0 −0.081 −0.219 0.11
(3.522) (3.055) (0) (−0.714) (−0.854) (1.838)

CL −0.044 −0.16*** −0.073** −0.05 0.035 −0.022
(−1.395) (−2.982) (−2.231) (−0.709) (0.281) (−0.508)

W× EE −0.03 −0.349 0.042 0.462 0.15 −0.119
(−0.095) (−0.725) (0.13) (0.929) (0.286) (−0.375)

W× ER −0.051 −0.353 −0.961 −1.926 2.459 −1.93
(−0.02) (−0.354) (−1.199) (−1.606) (1.027) (−0.712)

×W EEt 1 −0.071 −0.219 0.309 −0.156 −0.3 0.274
(−0.133) (−0.5) (1.159) (−0.19) (−0.518) (0.816)

W× ER2 −0.478 0.127 1.28 1.563 −1.749 −1.325
(−0.221) (0.098) (1.492) (1.302) (−0.785) (−0.943)

W×GTI× ER −0.322 1.631*** −0.33 −3.129** 0.566 3.669***
(−0.538) (2.76) (−0.755) (−2.314) (0.851) (3.246)

W× IA −0.008 −0.283 −0.177 −0.067 −0.259 0.037
(−0.035) (−1.84) (−0.911) (−0.12) (−0.252) (0.098)

W×UR 0.456 −3.399*** −0.07 3.944 0.855 −13.488***
(0.967) (−2.993) (−0.749) (1.149) (0.339) (−2.734)

W× FDI 0.182 0.751*** −0.016 −1.153 0.398 0.186
(1.195) (2.81) (−0.041) (−1.298) (0.239) (0.219)

W× CL 0.229 0.158 −0.411 −1.866** −0.427 −0.607
(0.441) (0.242) (−1.653) (−2.126) (−0.511) (−1.448)

W*dep.var. −0.157 −0.567*** −0.419 −0.299 −0.292 −0.215
(−0.699) (−2.618) (−1.793) (−1.601) (−1.265) (−0.892)

Corr-squared 0.7699 0.89 0.919 0.928 0.817 0.892
Log-likelihood 48.873051 72.569 104.744 42.552 8.331 43.861

*p ≤ 0.10, **p ≤ 0.05, ***p ≤ 0.01.

Table. 4
Endogenous test caused by reverse causality (the effect of EE on ER).

Variable/Regions ALL YDUA PLCC WCC CCC CYUA

EE 0.002 −0.065** −0.046 0.022 0.001 0.017
(0.286) (−2.281) (−0.985) (0.82) (0.044) (0.903)

ER −0.126*** 0.02 −0.308** 0.038 −0.115** −0.289***
(−4.658) (0.286) (−2.535) (0.37) (−1.962) (−5.796)

EEt 1 0.009 −0.021 −0.003 −0.03 0.005 0.011
(1.259) (−0.791) (−0.072) (−0.393) (0.142) (0.57)

GTI2 0.611*** 0.637*** 0.838*** 0.813*** 0.894*** 0.581***
(38.69) (20.064) (24.044) (23.089) (27.035) (15.959)

ER2 0.115*** 0.001 0.364*** 0.103 0.126 0.209***
(4.259) (0.018) (3.746) (1.067) (1.732) (3.575)

GTI × ER −0.019** −0.016 −0.069** 0.061** −0.02 0.003
(−2.096) (−0.717) (−2.324) (2.078) (−0.278) (0.217)

IA 0.001 0.287*** −0.013 −0.117 0.297 −0.524**
(0.092) (4.185) (−0.682) (−0.956) (1.824) (−2.283)

UR 0.011 −0.025 −0.061** 0.061 −0.1 0.026
(1.184) (−0.848) (−2.011) (1.068) (−1.026) (0.93)

FDI 0.019 0.065 0.046 0.02 0.042 0.017
(1.046) (1.693) (0.935) (0.543) (0.883) (0.886)

CL −0.172 −0.091 0.445 0.161 0.041 0.022
(−1.078) (−0.289) (1.086) (0.6) (0.208) (0.141)

W × EE −0.362 −0.149 1.363 −0.498 0.558 −1.248
(−0.291) (−0.129) (0.813) (−0.562) (1.649) (−1.647)

W × ER −0.294 −0.046 0.495 −0.426 −0.13 −0.017
(−0.957) (−0.161) (1.085) (−0.994) (−0.586) (−0.113)

(continued on next page)
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Variable/Regions ALL YDUA PLCC WCC CCC CYUA
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Corr-squared 0.801 0.926 0.929 0.966 0.977 0.945
Log-likelihood 325.878 84.586 50.82 45.876 46.142 133.483

*p ≤ 0.10, **p ≤ 0.05, ***p ≤ 0.01.

Y. Liu, et al. Technological Forecasting & Social Change 155 (2020) 119993

20

http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0001
http://www.gov.cn/xinwen/2016-09/12/content_5107501.htm
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0003
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0003
https://doi.org/10.1016/j.regsciurbeco.2018.04.013
https://doi.org/10.1016/j.regsciurbeco.2018.04.013
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0005
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0005
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0005
https://doi.org/10.1016/j.ecolecon.2011.08.019
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0007
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0007
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0008
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0008
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0009
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0009
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0009
https://doi.org/10.1016/j.eiar.2018.06.005
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0011
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0011
https://doi.org/10.1016/j.eiar.2008.11.001
https://doi.org/10.1016/j.eiar.2008.11.001
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0013
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0013
https://doi.org/10.1016/j.respol.2017.02.004
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0015
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0015
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0016
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0016
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0017
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0018
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0018
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0019
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0019
https://doi.org/10.1016/j.jenvman.2017.01.048
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0021
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0021
https://doi.org/10.1016/j.techfore.2018.11.013
https://doi.org/10.1016/j.techfore.2018.11.013
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0023
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0023
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0023
https://doi.org/10.1016/j.ecolecon.2016.10.003
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0025
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0025
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0026
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0026
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0027
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0027
https://doi.org/10.1016/j.cities.2017.11.009
https://doi.org/10.1016/j.cities.2017.11.009
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0029
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0029
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0030
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0031
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0031
https://doi.org/10.1016/j.ecolind.2017.10.040
https://doi.org/10.1016/j.ecolind.2017.10.040
https://doi.org/10.1016/S0921-8009(01)00217-8
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0034
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0034
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0035
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0035
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0035
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0036
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0036
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0037
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0038
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0038
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0038
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0038
https://doi.org/10.1016/j.techfore.2018.01.035
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0040
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0040
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0040
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0041
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0041
https://doi.org/10.1016/j.jclepro.2016.10.042
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0043
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0044
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0044


Applications.
Lin, M.J., Liu, J.T., 2009. Do lower birth weight babies have lower grades? Twin fixed

effect and instrumental variable method evidence from Taiwan. Soc. Sci. Med. 68
(10), 1780–1787.

Liu, Y., 2009. Exploring the relationship between urbanization and energy consumption
in China using ARDL (autoregressive distributed lag) and FDM (factor decomposition
model). Energy 34 (11), 1846–1854. https://doi.org/10.1016/j.energy.2009.07.029.

Long, X., Zhao, X., Cheng, F., 2015. The comparison analysis of total factor productivity
and eco-efficiency in China's cement manufactures. Energy Policy 81, 61–66.

Luo, N.S., Wang, Y.Z., 2017. Fiscal decentralization,environmental regulation and re-
gional eco-efficiency:based on the dynamic spatial Durbin model (in China). China
Popul. Res. Environ.

Miao, C., Fang, D., Sun, L., Luo, Q., 2017. Natural resources utilization efficiency under
the influence of green technological innovation. Resour. Conserv. Recycl. 126,
153–161. https://doi.org/10.1016/j.resconrec.2017.07.019.

Moran, P.A.P., 1948. The interpretation of statistical maps. J. Roy. Statist. Soc. Ser. A 10
(2), 243–251.

Morton, C., Wilson, C., Anable, J., 2018. The diffusion of domestic energy efficiency
policies: A spatial perspective. Energy Policy 114, 77–88.

Narayan, D., Pritchett, L., 1999. Cents and sociability: household income and social ca-
pital in rural Tanzania. Econ. Develop. Cult. Change 47 (4), 871–897.

Norgaard, R.B., 2004. Learning and knowing collectively. Ecol. Econ. 49 (2), 231–241.
Oltra, V., Kemp, R., 2009. Special Issue on Eco-innovation dynamics. Indus. Innov. 16 (3),

367–368.
Paavola, J., 2002a. Environment and development: dissecting the connections. Forum for

Development Studies. Taylor & Francis, pp. 5–31.
Paavola, J., 2002b. Rethinking the choice and performance of environmental policies.

Economics, Ethics, and Environmental Policy: Contested Choices Eds DW Bromley.
Blackwell, Oxford, pp. 87–102 J Paavola.

Paavola, J., 2007. Institutions and environmental governance: a reconceptualization.
Ecol. Econ. 63 (1), 93–103.

Paavola, J., Adger, W.N., 2005. Institut. Ecol. Econ. 53 (3), 353–368.
Park, J.-H., Seo, K.-K., 2006. A knowledge-based approximate life cycle assessment

system for evaluating environmental impacts of product design alternatives in a
collaborative design environment. Adv. Eng. Inf. 20 (2), 147–154. https://doi.org/
10.1016/j.aei.2005.09.003.

Porter, M.E., Van Der Linde, C., 1995. Toward a New Conception of the Environment-
Competitiveness Relationship. J. Econ. Perspect. 9 (4), 97–118.

Puri, J., Yadav, S.P., 2017. Improved DEA models in the presence of undesirable outputs
and imprecise data: an application to banking industry in India. Int. J. Syst. Assur.
Eng. Manag. 8 (2), 1–22.

Røpke, I., 2004. The early history of modern ecological economics. Ecol. Econ. 49 (3),
293–314.

Ren, H.Y., Yinhuan, 2016. Effects of environmental regualation on eco-efficiency from the
perspective of resource dependence (in China). Soft Science 35–38.

Ren, S., Li, X., Yuan, B., Li, D., Chen, X., 2018. The effects of three types of environmental
regulation on eco-efficiency: a cross-region analysis in China. J. Cleaner Prod. 173
(173), 245–255. https://doi.org/10.1016/j.jclepro.2016.08.113.

Ren, S.G., Jiang, T.T., Li, X.L., 2016. The differentiation mechanism study on the effect of
types of environmental regulation to the regional eco-efficiency (in China). Econ.
Manag. J.

Ren, X., 2010. International patent classification green list: green technology patent
convenient retrieval tool launched by WIPO (in China). China Invent. Patent 11
(11), 99.

Robaina-Alves, M., Moutinho, V., Macedo, P., 2015. A new frontier approach to model the
eco-efficiency in European countries. J. Cleaner Prod. 103, 562–573. https://doi.org/
10.1016/j.jclepro.2015.01.038.

Rostow, W.W., 1959. The stages of economic growth. Econ. History Rev. 12 (1), 1–16.
Söderbaum, P., 1999. Values, ideology and politics in ecological economics. Ecol. Econ.

28 (2), 161–170.
Saha, D., Shaw, P.K., Ghosh, S., Janaki, M.S., Sekar Iyengar, A.N., 2017. Evidence of

nonlinearity in presence of external forcing and magnetic field in a glow discharge
plasma. Chaos Solitons Fractals 98, 46–55. https://doi.org/10.1016/j.chaos.2017.03.
005.

Schaltegger, S., Sturm, A., 1996. Managerial Eco-Controlling. Birkhäuser, Basel.
Scotto, M., 2014. Technical efficiency with state-contingent production frontiers using

maximum entropy estimators. J. Product. Anal. 41 (1), 131–140.
Seiford, L.M., Zhu, J., 2002. A response to comments on modeling undesirable factors in

efficiency evaluation. Eur. J. Op. Res. 142 (1), 16–20.
C.E. Shannon, W. Weaver, N. Wiener, 1949. The mathematical theory of communication.
Shi, B., Chen, F., Qiu, M., Ekeland, A., 2017. Innovation suppression and migration effect:

the unintentional consequences of environmental regulation. China Econ. Rev. 49,
S1043951X17301980.

Shi, J., Tian, Z., Xie, Q., 2015. How does government make policies for strategic emerging
industry? (in China). Forum Sci. Technol. China.

Smith, M., Crotty, J., 2010. Environmental regulation and innovation driving ecological
design in the UK automotive industry. Bus. Strat. Environ. 17 (6), 341–349.

Song, M., Wang, S., Sun, J., 2018. Environmental regulations, staff quality, green tech-
nology, R&D efficiency, and profit in manufacturing. Technological Forecasting and

Social Change 133, 1–14. https://doi.org/10.1016/j.techfore.2018.04.020.
R.L. Stroup, 2000. Free riders and collective action revisited.
Vanberg, V.V., 1999. Markets and regulation: on the contrast between free-market lib-

eralism and constitutional liberalism. Constitut. Polit. Econ. 10 (3), 219–243.
Wang, K., Yu, S., Zhang, W., 2013. China's regional energy and environmental efficiency:

a DEA window analysis based dynamic evaluation. Math. Comput. Modell. 58 (5),
1117–1127. https://doi.org/10.1016/j.mcm.2011.11.067.

Wang, Z., Chen, Q., School, B., 2014. The rebound effect of industrial energy consumption
in the condition of technical progress and structural changes (in China). Ecol. Econ.

Williamson, O.E., 2007. The economic institutions of capitalism. Firms, markets, rela-
tional contracting, Das Summa Summarum des Management. Springer, pp. 61–75.

Wu, J., Yin, P., Sun, J., Chu, J., Liang, L., 2016. Evaluating the environmental efficiency of
a two-stage system with undesired outputs by a DEA approach: an interest preference
perspective. Eur. J. Op. Res. 254 (3), 1047–1062. https://doi.org/10.1016/j.ejor.
2016.04.034.

J.P. Xi, 2017. 19th CPC (Communist Party of China) National Congress. Beijing.
Yanqun, L.U., Yuan, P., 2017. Measurement and spatial econometrics analysis of pro-

vincial industrial ecological efficiency (in China). Res. Sci.
Young, O.R., 1994. International Governance: Protecting the Environment in a Stateless

Society. Cornell University Press.
Yu, H., Jiao, J., Houston, E., Peng, Z.-R., 2018. Evaluating the relationship between rail

transit and industrial agglomeration: an observation from the Dallas-fort worth re-
gion, TX. J. Transp. Geogr. 67, 33–52. https://doi.org/10.1016/j.jtrangeo.2018.01.
008.

Yu, J., 2015. Evaluation of Environmental Tax Policy Objectives and Economic Effects (in
China). Public Finance Research, pp. 63–67.

Yu, Y., Peng, C., Li, Y., 2018. Do neighboring prefectures matter in promoting eco-effi-
ciency? Empirical evidence from China. Technol. Forecast. Soc. Change. https://doi.
org/10.1016/j.techfore.2018.03.021.

Yu, Y., Wu, W., Zhang, T., Liu, Y., 2016. Environmental catching-up, eco-innovation, and
technological leadership in China's pilot ecological civilization zones. Technol.
Forecast. Soc. Change 112, 228–236. https://doi.org/10.1016/j.techfore.2016.05.
010.

Zadeh, L.A., 1999. Fuzzy sets as a basis for a theory of possibility. Fuzzy Sets Syst. 100,
9–34. https://doi.org/10.1016/S0165-0114(99)80004-9.

Zhang, C., Liu, H., Bressers, H.T.A., Buchanan, K.S., 2011. Productivity growth and en-
vironmental regulations - accounting for undesirable outputs: Analysis of China's
thirty provincial regions using the Malmquist–Luenberger index. Ecol. Econ. 70 (12),
2369–2379. https://doi.org/10.1016/j.ecolecon.2011.07.019.

Zhang, X., Mei, C., Chen, D., Li, J., 2016. Feature selection in mixed data: A method using
a novel fuzzy rough set-based information entropy. Pattern Recognit. 56, 1–15.
https://doi.org/10.1016/j.patcog.2016.02.013.

Zhang, Y.-J., Peng, H.-R., Su, B., 2017. Energy rebound effect in China's industry: an
aggregate and disaggregate analysis. Energy Econ. 61, 199–208. https://doi.org/10.
1016/j.eneco.2016.11.011.

Zhang, Y., Yang, Z., Li, W., 2006. Analyses of urban ecosystem based on information
entropy. Ecol. Modell. 197 (1), 1–12. https://doi.org/10.1016/j.ecolmodel.2006.02.
032.

Zhao, X., Cai, Q., Ma, C., Hu, Y., Luo, K., Li, W., 2017. Economic evaluation of en-
vironmental externalities in China's coal-fired power generation. Energy Pol. 102,
307–317.

Yunqiang Liu is an Associate Professor at College of Management, Sichuan Agricultural
University in China. He holds a Ph.D. degree in management from Sichuan University. His
current research interests include development quality and risk measurement of urban
agglomeration.

Jialing Zhu is a postgraduate student at College of Management, Sichuan Agricultural
University in China. She holds a Bachelor degree in management from Sichuan
Agricultural University. Her current research interests include development quality and
risk mearsurement of urban agglomeration.

Eldon Y. Li is Director of Business Ph.D. Program in College of Business at Chung Yuan
Christian University in Taiwan and Chair Professor at Tongji University in Shanghai and
Sichuan University in Chengdu, China. He has published over 300 papers in various topics
related to innovation and technology management, human factors in information tech-
nology (IT), strategic IT planning, software quality management, and information systems
management.

Zhiyi Meng is an Associate Professor at Business School, Sichuan University in China. He
holds a Ph.D. degree in management from Sichuan University. His current research in-
terests include information science and system innovation management.

Yan Song is a Professor at Department of City and Regional Planning, University of North
Carolina at Chapel Hill in USA. She holds a Ph.D. degree in Urban and Regional Planning
from University of Illinois at Urbana-Champaign. Her current research interests include
spatial analysis of urban spatial structure and urban form, etc.

Y. Liu, et al. Technological Forecasting & Social Change 155 (2020) 119993

21

http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0044
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0045
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0045
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0045
https://doi.org/10.1016/j.energy.2009.07.029
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0047
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0047
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0048
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0048
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0048
https://doi.org/10.1016/j.resconrec.2017.07.019
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0050
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0050
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0051
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0051
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0052
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0052
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0053
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0054
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0054
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0055
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0055
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0056
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0056
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0056
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0057
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0057
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0058
https://doi.org/10.1016/j.aei.2005.09.003
https://doi.org/10.1016/j.aei.2005.09.003
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0060
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0060
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0061
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0061
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0061
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0062
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0062
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0063
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0063
https://doi.org/10.1016/j.jclepro.2016.08.113
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0065
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0065
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0065
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0066
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0066
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0066
https://doi.org/10.1016/j.jclepro.2015.01.038
https://doi.org/10.1016/j.jclepro.2015.01.038
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0068
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0069
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0069
https://doi.org/10.1016/j.chaos.2017.03.005
https://doi.org/10.1016/j.chaos.2017.03.005
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0071
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0072
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0072
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0073
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0073
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0074
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0074
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0074
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0075
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0075
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0076
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0076
https://doi.org/10.1016/j.techfore.2018.04.020
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0078
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0078
https://doi.org/10.1016/j.mcm.2011.11.067
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0080
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0080
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0081
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0081
https://doi.org/10.1016/j.ejor.2016.04.034
https://doi.org/10.1016/j.ejor.2016.04.034
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0083
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0083
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0084
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0084
https://doi.org/10.1016/j.jtrangeo.2018.01.008
https://doi.org/10.1016/j.jtrangeo.2018.01.008
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0086
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0086
https://doi.org/10.1016/j.techfore.2018.03.021
https://doi.org/10.1016/j.techfore.2018.03.021
https://doi.org/10.1016/j.techfore.2016.05.010
https://doi.org/10.1016/j.techfore.2016.05.010
https://doi.org/10.1016/S0165-0114(99)80004-9
https://doi.org/10.1016/j.ecolecon.2011.07.019
https://doi.org/10.1016/j.patcog.2016.02.013
https://doi.org/10.1016/j.eneco.2016.11.011
https://doi.org/10.1016/j.eneco.2016.11.011
https://doi.org/10.1016/j.ecolmodel.2006.02.032
https://doi.org/10.1016/j.ecolmodel.2006.02.032
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0094
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0094
http://refhub.elsevier.com/S0040-1625(19)31463-5/sbref0094

	Environmental regulation, green technological innovation, and eco-efficiency: The case of Yangtze river economic belt in China
	Introduction
	Theoretical underpinning and literature review
	Theoretical underpinning
	Eco-efficiency and its spatial heterogeneity
	Relationships of EE with ER and GTI
	Focus of this study

	Methodology, data and study area
	Econometric model and estimation method
	Classical panel data model
	Spatial dynamic panel data model
	Fuzzy information-entropy evaluation method
	Spatial autocorrelation test and spatial weight setting

	Variable and study area
	Variables and data sources
	Dependent variable
	Explanatory variables
	Core variables
	Control variables
	Study area
	Data source


	Results and discussion
	Analysis of the fuzzy information-entropy-based EE
	Changes in the space dimension
	Changes in the time dimension

	Spatial empirical results and analysis
	Spatial autocorrelation and social network analysis results
	Overall discussion of the spatial regression results
	One year lagged EE and the spatial lagged terms
	ER, GTI, and their interaction term between the five urban agglomerations
	Robustness test and control for endogeneity


	Conclusions
	Policy implication
	Limitations and future research
	CRediT authorship contribution statement
	Acknowledgement
	Supplementary materials
	Appendix
	References




