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By setting up an evaluation indicator system (EIS) containing bad outcomes for green full-
factor productivity (GFFP), this work utilizes the super epsilon-basedmeasure (Super EBM)
model to assess the GFFPs of 11 regional-level administrative regions (regions) in the
Changjiang Economic Area (CEA) from 2005 to 2019, and goes on to analyze the regional
difference and spatial correlation between the regional GFFPs. On this basis, spatial
measurement models were adopted to analyze how GFFP is affected by foreign direct
investment (FDI), industrial structure optimization (ISO), and their cross term. The results
show that: During the sample period, the GFFPs in the CEA exhibited large regional
differences. Shanghai’s GFFP fell on the efficient frontier. This state was not achieved by
any other region in the CEA, leaving a room for improvement. In general, most regions in
the lower basin of the CEA had satisfactory GFFPs, while those in the middle and upper
basin had general GFFPs. Besides, the GFFP trends were similar in the upper, middle, and
lower basin of the CEA. Before 2010, the GFFPs in all three regions did not change
significantly. After that year, the GFFPs in the three regions began to decline. During the
sample period, the Global Moran’s I values of CEA GFFPs remained positive, and went
through the test of significance in most years. Thus, the GFFPs were clustered prominently
in space. Considering the results of spatial measurement models, the CEA GFFPs were
significantly inhibited by FDI, and promoted by ISO; the cross term between FDI and ISO
positively affected GFFP. Among the control parameters, economic growth and
environment regulation clearly promote GFFP, urbanization level strongly inhibits GFFP,
and energy structure does not significantly affect GFFP. The research results disclose the
internal correlations between FDI and ISO in the transformation to green development: the
benign interaction between FDI and regional ISO paves the way to green development for
the CEA.
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INTRODUCTION

The opening-up strategy has spurred the economic development
in China. The economic aggregate of China is now only smaller
than that of the United States (US). Behind the fast economic
growth lay soaring resource consumption, and serious
environmental damages. According to the US Energy
Information Administration (EIA), China is heavily dependent
on energy, and has overtaken the US as the largest energy
consumer. The environmental quality in China is far from
satisfactory. The country ranked low in the 2018 Global
Environment Performance Indicator, an authoritative ranking
of environmental quality. Against this backdrop, China has fully
realized the importance of changing the model of economic
growth, and pledged to develop the economy with a high
quality. The full-factor productivity (TFP) is crucial to the
quality of economic development. Under the dual constraints
of resources and environment, improving the green TFP (GFFP)
is the necessary path toward economic growth and eco-
environmental protection (Ahmed, 2012).

The key to improving GFFP is the proper handling of the
relationship between economic development and ecological
protection. To speed up economic growth, developing
countries tend to attract more foreign capital faster at the cost
of local environment, in the early phase of economic
development. Then, the pollution haven hypothesis of Walter
and Ugelow (1979) will apply. If the government regulation is
weak, China will face a severe pollution of the eco-environment:
The entry of foreign-funded industries, which feature high
consumption and high pollution, will stimulate economic
development in China, a resource-rich country, at the expense
of ecological environment. The regional industrial structure is
closely related to the influence of foreign direct investment (FDI)
over GFFP. If the region has a backward industrial structure, the
entry of foreign capital will energize the resource-intensive
industries, which seriously pollute the eco-environment. If the
region has an advanced industrial structure, the entry of foreign
capital will lead to the expansion of tertiary industries like high-
tech or service industries, which improves the local environment
and thus the GFFP. Thus, this paper intends to test the important
impact of FDI on GFFP, and discusses whether ISO significantly
affects GFFP, and whether FDI interacts well with ISO to boost
GFFP. The previous studies mainly focus on the country level,
and rarely tackles the Changjiang Economic Area (CEA) in
China. Further research is needed to verify if the relevant
results apply to the CEA.

As an economic engine of China, the Changjiang Economic Area
(CEA) accounts 40% of the country’s population and gross domestic
product (GDP), with only 21.4% of the country’s landmass. The
population and economic densities of the CEA are greater than those
in any other region of China. As a result, the CEA’s economic
development faces tremendous pressures from resources and
environment. The pressures are even greater, as China is poised
to pilot the construction of ecological civilization in the CEA. Thus,
the CEA must embark on a new road towards ecologic and green
development. In this context, improving GFFP becomes the
inevitable choice for the CEA to realize sustainable development.

To accelerate development, the CEA has been introducing a
huge sum of foreign capital, and vigorously promoting ISO. The
industrial structure of the region is constantly optimized. In 2019,
the ratios between the three industries in the CEA changed from
8.1: 40.6: 51.1 to 7.8: 38.8: 53.5. The proportions of the first and
second industries in the region further declined, while the
proportion of the tertiary industry rose by 2.4% compared to
the previous year. However, the CEA ISO still has an obvious
provincial difference. Whether the difference greatly affects GFFP
is worthy of further research.

How to improve GFFP has always been the focus of the
academia. Many researchers have noticed the importance of
foreign direct investment (FDI) to GFFP. In general, FDI has
two different effects on the eco-environment of the host country:
the pollution haven and pollution halo hypotheses. The former
suggests that foreign investment brings high pollution industries,
which directly or indirectly undermine local environmental
quality (List and Co, 2000; Keller and Levinson, 2002). The
latter argues that the FDI in the host country has a good
technology spillover effect, which improves the governance of
local environment (He, 2006).

Given the two different environmental effects of the FDI,
different researchers draw different results on how the FDI affects
GFFP. For example, Liu et al. (2016) studied the effect of the FDI
on GFFP growth, using the data on 1,328 Chinese firms in
2003–2008, and discovered that FDI significantly promotes
GFFP growth. Peng (2020) analyzed the panel data of 274
prefectures of China in 2005–2015, and concluded that the
FDI has a prominent positive effect on GFFP. Focusing on
285 cities in China during 2003–2017, Yu et al. (2021) relied
on the spatial Durbin model (SDM) to examine the clustering of
the FDI, as well as its influence on urban GFFP. The results show
that the FDI promotes the GFFP in cities falling in the high-high
and high-low quadrants. Facing all regions in China, Luo et al.
(2022) carried out quantile regression on the panel data, and
found that the FDI negatively affects the green productivity. This
finding supports the pollution haven hypothesis.

Some scholar also noted the relationship between industrial
structure and GFFP. For instance, Wang et al. (2021)
characterized industrial structure by the outcome of the
secondary industry as a percentage of gross regional product
(GRP), and revealed the significantly positive effect of industrial
structure on GFFP. Xie et al. (2021) investigated the samples of
283 Chinese cities on the prefectural-level and above in
2003–2018, and also observed the significantly positive effect
of industrial structure on urban GFFP. Lu et al. (2020) found that
China’s GFFP could be promoted by rationalizing and optimizing
the industrial structure. Overall, the existing studies mostly
measure industrial structure with the proportion of secondary
(tertiary) industry outcome in GDP, before exploring its
relationship with the GFFP. Relatively few have directly
probed into the influence of industrial structure optimization
(ISO) on GFFP.

Besides, the capital and technical advantages of the FDI will
cause technology spillover in the host country, which in turn
promotes the ISO in that country (Grossman and Helpman,
2002). For example, Kippenberg (2005) discovered that the FDI
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promotes the industrial structure adjustment in Czech. However,
there is no report on whether the interaction between FDI and
ISO would affect GFFP.

To sum up, extensive studies have been conducted on GFFP,
especially on the influence of FDI on GFFP, and the relationship
between industrial structure and GFFP. The previous studies
provide valuable experience about the measurement, influencing
factors, and promoting paths of GFFP.

To address the problems of the previous studies, this paper
makes two breakthroughs: Firstly, the existing studies on the
effect of the FDI on GFFPmainly focus on the country level or the
city level, but rarely tackle large regions like the CEA. Secondly,
the literature either examines the relationship between the FDI
and GFFP, or deals with the correlation between industrial
structure and GFFP. But there is no report on whether the
FDI interacts well with industrial structure, and whether the
interaction significantly affects the GFFP. Thus, this work utilizes
the super epsilon-based measure (Super EBM) model to measure
the GFFPs in the CEA, and adopts spatial measurement models to
examine the relationship between FDI, ISO, and GFFP. This work
fills in the gaps of the relevant research fields.

METHODOLOGY

Super-EBM
Unlike stochastic frontier analysis (SFA), the commonly used tool
of data envelopment analysis (DEA) adopts linear programming
to determine the production frontier. DEA can process multi-
intake and multi-outcome problems in efficiency evaluation,
without needing to set up a production function. Therefore,
this approach is highly flexible and applicable. That is why
DEA becomes the mainstream approach of efficiency
evaluation. In this paper, GFFP is treated as an efficiency
evaluation problem. The index reflects the internal correlations
between multiple intakes and outcomes. The accurate evaluation
of GFFP calls for a suitable method. This paper aims to compare
the GFFPs of multiple regions in the CEA. Therefore, the
measured GFFPs must be a comparable relative efficiency. As
a measuring tool for relative efficiency, DEA is precisely what is
needed for GFFP measurement.

Since its nascence, DEA has been continuously evolving. The
early DEA models are mostly radial ones, such as the model
proposed by Banker et al. (BCC), and that proposed by Charnes
et al. (CCR). These radial models can evaluate efficiency with
multiple outcomes, provided that the outcomes could be
maximized. However, neither BCC nor CCR could be directly
adopted for efficiency assessment, when bad outcomes (e.g.,
pollutants) are present. It is necessary to process the bad
outcomes before applying the radial models. The common
practice is to take the bad outcomes as intakes, or take the log
of the bad outcomes. But the processing of bad outcomes does not
obey the realistic production law, resulting in a bias in efficiency
evaluation (Zeng and Wei, 2021).

To deal with bad outcomes, Tone (2001) proposed the slack-
based measure (SBM) model. Unlike the BCC and CCR models,
the SBM model fully considers the slackness of intakes and

outcomes, and includes it to the objective function, providing
an effective solution to the efficiency evaluation with bad
outcomes. As a non-angular, non-radial model, the SBM can
prevent the bias arising from the selection of radial direction
and angle.

Despite its popularity, the SBM faces a major defect: the
inability to ensure the compatibility between radial and non-
radial intakes and outcomes. The relationship between intakes
and bad outcomes is radial. However, the intakes could be
separated from good outcomes. The relationship between these
two kinds of factors is non-radial. If an evaluation indicator
system (EIS) contains both bad and good outcomes, the SBM
cannot differentiate radial relationship from non-radial
relationship, resulting in a deviation in the evaluated efficiency.

To ensure the compatibility between radial intakes and
outcomes and non-radial ones, Tone and Tsutsui (2010)
improved SBM into EBM. This hybrid model fully considers
the radial relationship between intakes and outcomes, as well as
the non-radial relationship between them. Nonetheless, when
EBM measures efficiency, multiple decision-making units
(DMUs) often have an efficiency of 1. Then, it is impossible to
rank the DMUs by efficiency. The Super-EBM was soon
developed to solve the problem. As the combination between
EBM and super efficiency model, the Super-EBM overcomes the
upper bound of 1 for DMU efficiency, and further improves the
accuracy of efficiency measurement.

In the target problem, there is a production system with n
DMUs. Each DMU is assumed to contain m intakes, u good
outcomes, and v bad outcomes: x ∈ Rm, yg ∈ Ru, and yb ∈ Rv.
Then, thee matrices could be defined as: X � (xij) ∈ Rmpn,
Yg � (yg

ij) ∈ Rupn, and Yb � (yb
ij) ∈ Rvpn. Based on the actual

situation of intakes and outcomes, it is hypothesized that X > 0,
Yg > 0, andYb > 0. LetDMUj denote the jth DMU to be evaluated.
Then, the Super-EBM with bad outcomes could be established as:

χp � min

ψ + φx∑
m

i�1

ϕ−
i s

−
i

xij

η − φyg∑
u

h�1

ϕg+
h sg+h
yg
hj

+ φyb∑
v

l�1

ϕb−
l sb−l
yb
lj

s.t.ψxij ≥∑n
j�1
xijλj − s−i , i � 1, . . . , m

ηyg
hj ≤∑

n

j�1
yg
hjλj + sg+h , h � 1, . . . , u

ηyb
lj ≥∑

n

j�1
yb
ljλj − sb−l , l � 1, . . . , v

λ≥ 0, s−i , s
g+
h , sb−l ≥ 0

(1)

where, χp is the GFFP; λj is the linear combination factor, i.e., the
relative importance of the jth DMU; xij, y

g
hj, and yb

lj are the ith
intake, hth good outcome, and lth bad outcome of the jth DMU,
separately; ϕ−i , ϕ

g+
h , and ϕb−l are the weights of the ith intake, hth

good outcome, and lth bad outcome, separately; ψ, and η are
radial programming parameters; φx, φyg , and φyb are the non-
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radial weights of intakes, good outcomes, and bad outcomes,
separately (all of them fall in [0, 1]); s−i , s

g+
h , and sb−l are the slack

terms of intakes, good outcomes, and bad outcomes, separately.

Spatial Correlation Analysis
This work intends to verify whether the regional GFFPs on the
vast land of the CEA have significant spatial correlations. Also
known as spatial dependence, spatial correlation refers to the
possible correlations between the observation data on the
research parameters in space, under the effects of spatial
interaction and spatial diffusion. In general, spatial correlation
could be measured by Global Moran’s I (Moran, 1948):

Moran′s I � n

∑n
i�1
(xi − �x)2

∑n
i�1
∑n
j�1
Wij(xi − �x)(xj − �x)

∑n
i�1
∑n
j�1
Wij

(2)

where, n is the number of regional-level administrative regions
(regions) in the CEA; xi and xj are the observation values of the ith
and jth regions, separately; Wij is the spatial weight matrix.

The Global Moran’s I falls between -1 and 1. If the indicator
belongs to (0, 1] and goes through the test of significance on a
certain level, then the two regions being examined have a
significant positive correlation in space; if the indicator
belongs to [−1, 0) and goes through the test of significance on
a certain level, then the two regions have a significant negative
correlation in space; only if the indicator equals 0, the two regions
are independent, without any spatial correlation.

For simplicity, the spatial weight matrix Wij was expressed a
Rook’s adjacency matrix of spatial weights:

Wij � { 1 if the i − th region is adjacent to the j − th region
0 otherwise

(3)

Spatial Measurement Models
The traditional measurement models, namely, ordinary least
squares (OLS), fail to take account of the possible spatial
dependence between parameters, and thus may make biased
estimations. The emergence of spatial measurement models
provides an effective solution to the potential spatial
correlation between parameters in model regression. The
current spatial measurement models could be roughly divided
into spatial autoregressive model (SAR) and spatial error model
(SEM) (Fan et al., 2021). The SAR could be represented by:

y � φWy + βX + ε (4)
where, y is the dependent parameter; X is the matrix endogenous
independent parameters; φ ∈ [−1, 1] is the spatial regression
factor, representing the spatial dependence of sample
observations; β is a factor representing the degree of influence
of an independent parameter over the dependent parameter; W is
an n×n-dimensional spatial weight matrix; Wy is the spatial
lagged independent parameter; ε is the vector of a stochastic error.

The SEM could be represented by:

{ y � Xβ + ε
ε � λWε + μ

(5)

where, ε is the vector of a stochastic error; λ ∈ [−1, 1] is the spatial
error factor, representing the spatial dependence of sample
observations; μ is a stochastic error vector obeying normal
distribution.

EIS
Traditionally, the TFP only considers intakes like capital and
labor, and good outcomes like GDP, without taking account of
energy intake or bad outcomes like environmental pollution.
With the rise of energy consumption and environmental
pollution, the traditional TFP, which does not consider the
constraints of resources and environment, cannot measure the
level of economic development comprehensively. Some
scholars pointed out that resources and environment are
not merely endogenous parameters in economic
development, but conditional constraints on economic
growth. Based on the traditional TFP, it is necessary to
incorporate relevant environmental factors (e.g., energy
intake, and environmental outcomes) into the measurement
framework, and formulate the GFFP, providing a guide to
sustainable development. Referring to Lin B. and Chen G.
(2018), this paper defines GFFP as the maximum good
outcome and the minimum bad outcome obtained from a
fixed quantity of intakes, such as labor, capital, and
energy. The measured value is positively proportional to
the quality of GFFP. The best GFFP should be greater than
or equal to 1.

In this way, the authors established an EIS for GFFP (Table 1),
which covers both intakes and outcomes. The intakes include
labor, capital, and energy. The outcomes include a good outcome
(real GDP), and two bad outcomes (pollutants). The indicators
are dependent as follows:

Labor
Considering data availability, and inspired by Liu and Xin (2019),
this work characterizes labor with the year-end number of
employees in each region of the CEA.

Capital
The capital was substituted by the capital stock of each region of
the CEA, which was derived by the permanent inventory method:
Ki,t � Ii,t + (1 − δ)Ki,t−1, where Ki,t and Ki, t-1 are the capital
stocks of the ith region in the tth year and in the t-1-th year,
separately; Ii,t is the fixed capital formation of the ith region in the
tth year; δ � 9.6% of the depreciation rate. To eliminate the price
effect, this work uses the fixed asset price indicator to deflate the
nominal capital stock of each region in the CEA to the actual
capital stock with 2005 as the base year.

Energy
Inspired by Song et al. (2018), energy was characterized by the
total annual energy consumption of each region in the CEA (unit:
10,000 tons of standard coal).
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Good Outcome
In general, GDP is the final outcome of the production in a
country or region within a year. Thus, it is a core indicator of
national economic accounting. Thus, GDP was taken as the good
outcome of the GFFP EIS. To prevent the data from being
distorted by the price factor, this work uses the GDP indicator
to deflate the nominal GDP of each region in the CEA to the
actual GDP with 2005 as the base year.

Bad Outcomes
The bad outcomes refer to the various pollutants produced during
economic growth. Out of the many pollutants, SO2 and chemical
oxygen demand (COD) were chosen as the bad outcomes, for
China’s environmental pollution monitoring primarily focuses
on water pollution and air pollution.

Influencing Factors
This work mainly studies whether the FDI, ISO, and their cross
term significantly affect GFFP. Before further analysis, it is
necessary to sort out the mechanism of FDI and ISO acting
on GFFP. Apart from the two core parameters (FDI and ISO), it is
necessary to consider a series of control parameters (Table 2).

FDI
Considering data availability, this work converts the US dollar
into RMB by the mean exchange rate, and then characterizes the
FDI level with the ratio of the actual FDI to the GDP. The
previous research suggests that the FDI affects the TFP via five
paths: scale effect, demonstration effect, competitive effect, labor
spillover effect and industrial-related effect (Khachoo et al., 2018;
Wu et al., 2020).

Scale Effect
The continuously utilization of foreign capital expands the
production scale of the host country, which increases energy

consumption, and releases lots of pollutants. Due to the huge cost
of pollution control, some pollutants are difficult to treat
effectively, and directly discharged to nature, without any
treatment. As a result, the environmental quality of the host
country enters a downward spiral.

Demonstration Effect
The massive entry of foreign-funded firms brings many advanced
technologies of clean production to the host country. These
technologies could be transferred and spread via the
demonstration effect of the FDI, thus stimulating the
technological innovation of the local firms. Then, the local
firms will be motivated to improve their clean technologies
and energy utilization efficiency (Kumar and Sinha, 2014).

Competitive Effect
The massive entry of foreign-funded firms also exerts a large
impact to the local firms, making the market in the host country
more competitive. To maintain competitiveness, local firms must
introduce many talents, improve the internal management, and
enhance the learning ability of clean technologies. These moves
help the host country to increase the TFP.

Labor Spillover Effect
During the development in the host country, foreign-funded firms
need to employ and train many local staff, which improve the quality
level of regional labor. When the trained employees return to local
firms, the development of these firms will be greatly promoted.

Industry-Related Effect
During trade circulation and exchange, foreign-funded firms would
invest in the equipment and plants of upstream firms, and provide
downstream firms with intermediate products with high added value
and production technology. This will lead to technology spillover and
transfer.

TABLE 1 | Statistics on intakes and outcomes.

Parameter Unit Sample Number Minimum Maximum Mean Standard Deviation

Labor 10,000 people 165 863.32 4889 3172.64 2876.16
Capital 10,000 yuan 165 9962.4 204564.1 53109.93 107263.25
Energy 10,000 tons of standard coal 165 4286 32526 13260.60 20297.5
GDP 10,000 yuan 165 1979.06 25578.14 8926.96 13778.60
SO2 10,000 tons 165 0.75 146.5 61.42 73.63
COD 100 million tons 165 5.2 142.14 62.83 73.67

TABLE 2 | Statistics on the factors affecting GFFP.

Parameter Unit Sample Number Minimum Maximum Mean Standard Deviation

FDI % 165 0.0010 0.0700 0.0271 0.0158
ISO % 165 0.5872 2.6946 1.0090 0.3366
Cross term between FDI and ISO — 165 0.0014 0.1021 0.0267 0.0196
Economic growth yuan 165 8.5275 11.9658 10.4155 0.7277
Urbanization level % 165 0.2697 0.8960 0.5267 0.1508
Energy structure % 165 0.3303 0.9477 0.7431 0.1391
Environmental regulation % 165 0.0005 0.0125 0.0029 0.0021
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In summary, the influence of the FDI over GFFP remains
uncertain. The specific influence needs to be determined
according to the actual FDI situation of each region.

ISO
Here, the ISO is characterized by the ratio of the added value of
tertiary industry to that of secondary industry. This factor reflects
the shift from labor- and fund-intensive model to technology-
and knowledge-intensive model. The traditional industries are
gradually phased out by emerging industries with low energy
consumption, low pollution, and high added value. This ongoing
improvement of industrial structure is bound to affect the TFP
(Lin B. and Chen Z., 2018). According to the structural bonus
hypothesis, the productivity will increase if the production factors
is transferred from the sectors with a low productivity level to
those with a high productivity level (Peneder, 2003).

In short, the continuous advancement of the ISO, on the one
hand, reduces the overall energy demand of industrial
development, and on the other hand, spurs industrial
transformation via technological upgrading. Hence, the ISO
could promote the shift from high pollution industries to low
pollution industries, downgrade pollutant emissions, and thus
benefit the improvement of TFP.

Cross Term Between FDI and ISO
There is a close relationship between FDI and ISO. The FDI has a
major impact on the ISO through capital accumulation,
technology spillover, and job creation. As a large amount of
foreign investment enters the host country, the fund shortage
would be alleviated, and the industrial restructuring would pick
up speed in the host country. In addition, the foreign capital can
improve the quality of funds in the host country, and change the
backward production and management model of the host
country through mergers and acquisitions. What is more, the
entry of foreign capital brings advanced technologies, resulting in
technology transfer and spillover. The local firms can learn
advanced production technologies and management methods
from foreign-funded firms, and improve their own research
and development (R&D) ability and management level,
thereby enhancing their production efficiency. Finally, the
foreign-funded firms create new jobs, contributing to the
employment of the host country, and train many talents in
management, R&D, and technology, exerting a positive effect
on the ISO. In summary, the FDI and ISO can interact well with
each other. The benign interaction could promote GFFP.

Other Control Parameters
The GFFP is not only affected by FDI, ISO, and their cross term,
but also influenced by several other factors. Studies have shown
that, GFFP may be significantly affected by economic growth
(EG) (Lin B. and Chen G., 2018), urbanization level (UL) (Li and
Lin, 2017), energy structure (ES) (Yan et al., 2020), and
environmental regulation (ER) (Wang et al., 2019). These
factors were treated as control parameters in our research.
Specifically, economic growth was measured by the natural log
of per-capita GDP in each region of the CEA in each year;
urbanization level was measured by the year-end urban

population as a percentage of total population in each region
of the CEA in each year; energy structure was measured by the
coal consumption as a percentage of the total energy
consumption in each region of the CEA in each year;
environmental regulation was measured by the investment in
industrial environmental pollution control as a percentage of
industrial added value in each region of the CEA in each year.

Data Sources
To ensure the completeness and availability of the data sources
for the indicators of the Super-EBM and the spatial measurement
models, this work decides to study the 11 regions in the CEA from
2005 to 2019. The original data on all indicators above were
obtained from national and local statistical yearbooks in the
sample period. These yearbooks are about the general
statistics, energy, population, employment, and environment.
Specifically, the original data were collected from China
Statistical Yearbooks (2006–2020) (NBSC, 2006–2020a), China
Energy Statistical Yearbooks (2006–2020) (NBSC, 2006–2020b),
China Population and Employment Statistics Yearbooks
(2006–2020) (NBSC, 2006–2020c), and China Statistics
Yearbooks on Environment (2006–2020) (NBSC and MEE,
2006–2020), and the local statistical yearbooks of CEA regions.
The missing original data of a few parameters in the panel data
were supplemented through interpolation. Note that this paper
only uses the data published before the end of 2019. The data
published in 2020 were not used, because the data on some
variables (e.g., energy, labor, SO2, and COD) some regions are not
complete in 2020. For the completeness and reliability of data, the
span of sample data was determined as 2005–2019.

RESULTS

Measurement Results on GFFP
With the aid of the GFFP EIS, this work collects the data on
parameters like labor, capital, energy, GDP, SO2, and COD,
processes the data, and imports all into MaxDEA. Then, the
GFFPs of the CEA regions in 2005–2019 were measured by the
Super-EBM.

According to the results in Table 3, the GFFPs in the CEA
exhibited large regional differences. During the sample period,
Shanghai was the only region with its mean GFFP (1.0823) falling
on the efficient frontier. All the other regions failed to achieve this
state. Zhejiang realized a quite satisfactory result (mean GFFP:
0.9199), with a certain potential for improvement. For most
regions in the CEA, namely, as Jiangsu, Anhui, Jiangxi, Hubei,
Hunan, and Sichuan, the mean GFFP fell between 0.7 and 0.9.
These regions performed generally in terms of GFFP, leaving a
large room for improvement. In addition, Chongqing, Guizhou,
and Yunnan performed poorly in GFFP. During the sample
period, their mean GFFPs were below 0.7. These three regions
ranked at the bottom in the CEA by GFFP, and should be the
focus of environmental protection in future.

In general, most regions in the lower basin of the CEA had
satisfactory GFFPs, while those in themiddle and upper basin had
general GFFPs. The heterogeneity of the CEA regions in green
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development must be considered by the government during the
formulation of relevant environmental policies.

According to the Guiding Opinions of the State Council on
Promoting the Development of the CEA Relying on the Golden
Waterway (2014), the CEA could be divided into three major
regions: the lower basin (Shanghai, Zhejiang, Jiangsu, and
Anhui), the middle basin (Hubei, Hunan, and Jiangxi), and
the upper basin (Chongqing, Sichuan, Guizhou, and Yunnan).
Figure 1 shows the mean GFFP trends of the CEA, and the three
regions.

As shown in Figure 1, the GFFP trends were similar in the
upper, middle, and lower basin of the CEA, and could be split into
two stages. During 2005–2010, the mean GFFPs of the CEA and
the three regions remained stable, with little oscillations. During
2011–2019, the mean GFFPs of the CEA and the three regions
declined slowly.

The mean GFFPs of the lower basin, the middle basin, and the
upper basin were 0.9062, 0.7808, and 0.6894, separately. Spatially
speaking, the GFFPs in the CEA gradually decreased from the
lower basin, to the middle basin, and then to the upper basin. This
law supports the environmental Kuznets curve: economic
development has an inverted U-shaped linear relationship with

environmental pollution. The environmental quality of the
economically developed lower basin was much better than that
of the less developed middle and upper basin.

Spatial Correlations of GFFP
By formulas (2)-(3), this work computes the Global Moran’s I
values of the GFFPs in each year of the CEA on GeoDa, and
carries out a p-value test. The specific calculation results are
displayed in Table 4.

TABLE 3 | Regional GFFPs in the CEA.

Region Region 2005 2007 2009 2011 2013 2015 2017 2019 Mean

Lower basin Shanghai 1.0697 1.0897 1.0685 1.0596 1.0562 1.0904 1.1133 1.1405 1.0823
Jiangsu 0.9105 0.9344 0.8877 0.8518 0.8429 0.7923 0.7336 0.6832 0.8357
Zhejiang 0.9517 1.0040 1.0001 1.0027 1.0010 0.8329 0.7740 0.7414 0.9199
Anhui 0.8881 0.9119 0.8695 0.8384 0.7842 0.6843 0.6347 0.6480 0.7867

Middle basin Jiangxi 0.7942 0.7988 0.8074 0.8112 0.7809 0.7005 0.6481 0.6193 0.7485
Hubei 0.8614 0.8668 0.8595 0.8137 0.7629 0.6742 0.6094 0.6001 0.7616
Hunan 1.0039 1.0095 1.0064 0.8447 0.7850 0.6932 0.6413 0.6075 0.8322

Upper basin Chongqing 0.6766 0.6800 0.7191 0.6906 0.6535 0.6048 0.5509 0.6700 0.6506
Sichuan 0.8415 0.8478 0.8282 0.7936 0.7522 0.6740 0.6442 0.6280 0.7531
Guizhou 0.7408 0.7459 0.7850 0.7550 0.7178 0.6341 0.5601 0.5516 0.6863
Yunnan 0.7701 0.7839 0.7760 0.6927 0.6263 0.5825 0.5221 0.5966 0.6676

Note: For the lack of space, this work only lists the data in the odd years.

FIGURE 1 | Mean GFFP trends of the CEA, the lower basin, the middle basin, and the upper basin.

TABLE 4 | Global Moran’s I values of the CEA GFFPs.

Year Global Moran’s I p-Value Year Global Moran’s I p-Value

2005 0.1557 0.111 2013 0.4948*** 0.002
2006 0.2216* 0.072 2014 0.4380*** 0.001
2007 0.2279* 0.063 2015 0.4292*** 0.001
2008 0.1913* 0.088 2016 0.4309*** 0.001
2009 0.1756* 0.083 2017 0.3519*** 0.001
2010 0.2587* 0.055 2018 0.3676*** 0.001
2011 0.4359*** 0.004 2019 0.1990*** 0.004
2012 0.4510*** 0.002 — — —

Note: *, **, and *** are significance levels of 10, 5, and 1%, separately. The same below.
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As can be seen from Table 4 that, through the sample period,
the Global Moran’s I values of the GFFPs were all positive in the
CEA. Except 2005, these values went through the test of
significance at the level of 10% or 1% in the sample period.
Thus, the GFFPs of the CEA were clustered prominently in space.
Furthermore, it could be learned that the CEA regions with high
GFFPs or those with low GFFPs were relatively clustered in space.
In addition, the Global Moran’s I values first increased and then
declined in the sample period, suggesting that the spatial
clustering of the CEA GFFPs first strengthens and then
weakens. Overall, the spatial clustering of the CEA GFFPs is
objective. If this feature is ignored, the empirical results may have
serious deviations.

Empirical Results of Spatial Measurement
Models
The suitability of spatial measurement models needs further
testing. Whether a spatial measurement model is applicable
could be measured by two statistics, namely, LM-sar and LM-
err. If both statistics are significant, and LM-sar is more
significant than LM-err, then the SAR is the suitable spatial
measurement model. Otherwise, the SEM is the suitable model
(Anselin and Florax, 1995).

By combining different fixed effects with the general model, it is
possible to obtain four types of models: non-, spatial, time, and two-
way fixed effects models, respectively. The models with four different
fixed effects should be compared to find the one with the strongest
independent power. With the aid of MATLAB, this work computes
the LM-sar and LM-err of the four different fixed effects models, and
compares the LM-sar, LM-error, and their significance of different
models, aiming to determine the best model for analyzing the
correlations between FDI, ISO, and GFFP.

The empirical results in Table 5 were analyzed below. For the
non-fixed effects model, the LM-sar and LM-err were 70.8738
and 15.3022, separately, and both went through the test of
significance at the level of 1%. For the spatial fixed effects
model and the time fixed effects model, the LM-sar values
were 3.3233 and 11.7243, separately; the former went through
the test of significance at the level of 10%, and the latter went
through the test of significance at the level of 1%. However, the
LM-err values of the two models were not significant. For the
two-way fixed effects model, the LM-sar and LM-err both went
through the test of significance at the level of 1%.

The above results indicate that the residuals of ordinary model
have significant spatial correlations, making it reasonable to
adopt spatial measurement models. For the models with four
different fixed effects, the LM-sar was always greater than LM-err.
Hence, the SAR is superior to the SEM, whichever the fixed
effects.

Through the above analysis, it could be learned that ordinary
models cannot solve the spatial correlations between residuals.
Hence, the ordinary models were simulated again by formulas (4)
and (5), and the panel SAR and panel SEM of each fixed effects
model were obtained (Table 6). The relevant results show that the
Wpdep.var. and spat.aut. values were all significant, except the
spat.aut. values of the spatial fixed effects model and time fixed
effects model of panel SEM did not pass any test of significance.
This again indicates the reasonability of using spatial
measurement models.

As for the factor of determination (R2) for goodness-of-fit, the
two-way fixed effects model of panel SAR had an R2 of 0.9576,
while that of panel SEM had an R2 of 0.9490. Both are greater than
the R2 values of the other three models. Likewise, the log
likelihood values of the two-way fixed effects model of panel
SAR and that of panel SEM were 335.2100 and 335.3929,
separately, which are the best among the four models. The
two-way fixed effects model always achieved the best statistics,
regardless of panel SAR or panel SEM. Since the two-way fixed
effects model of panel SAR had a greater log likelihood than the
two-way fixed effects model of panel SEM, the former model
achieves better performance than the latter. Hence, the fixed
effects model of panel SAR was selected to analyze the meaning of
the factors of the parameters.

The estimation factor of the FDI was −2.4050, going through
the test of significance at the level of 1%. Thus, a greater
proportion of the FDI in GDP actually suppresses GFFP in
the CEA. The possible reason is as follows: The significantly
negative factor of the FDI testifies the apparent pollution haven
effect of the FDI in the CEA. The continuous entry of FDI
produces significant negative technology spillover, capital
effect, and environmental effect in the CEA. As a developing
country, China implements a weaker environmental regulation
than developed countries. To evade the high environmental cost,
development countries often choose to divert the FDI to
pollution-intense firms in China. The CEA is an inland river
economic belt with national and even global significance. There
are many heavy pollution firms along the Yangtze River,
including chemical firms, petrochemical firms, and nonferrous
metal metallurgy firms. These heavy pollution firms are very
attractive to foreign investors. Rafindadi et al. (2018) suggested
that, most developing countries treat economic growth as the top
priority, paying little attention to environmental governance.
Hence, developed countries tend to transfer high pollution
industries to development countries, which cause serious
environmental pollution to the host countries. This is not
conducive to the improvement of GFFP.

The ISO had a significant positive effect on GFFP at the level of
10%. The result validates the previous hypothesis: the sustained
economic growth of the CEA is accompanied by the
improvement of the industrial structure. In recent years, the

TABLE 5 | Lagrange multiplier (LM) statistics under different fixed effects.

Model Statistic Value p-Value

Non-fixed effects model LM-sar 70.8738*** 0.0000
LM-err 15.3022*** 0.0001

Spatial fixed effects model LM-sar 3.3233* 0.0683
LM-err 0.0305 0.8613

Time fixed effects model LM-sar 11.7243*** 0.0006
LM-err 0.3374 0.5613

Two-way fixed effects model LM-sar 11.2178*** 0.0008
LM-err 7.8257*** 0.0052
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tertiary industry develops rapidly in the CEA, taking up a growing
portion in the national economy. By contrast, the proportion of
the secondary industry in the national economy steadily
decreases: Since China decided to pilot the construction of
ecological civilization in the CEA, the study area has stepped
up the regulation of high pollution industries, most of which
belong to the secondary industry. From 2005 to 2019, the value
added of the tertiary industry to that of the secondary industry
increased from 0.8318 to 1.3429 in the CEA. It could be said that
the ISO not only promotes the continued growth of the economy,
but also advances regional green development. These effects
undoubtedly promote the growth of GFFP.

The estimation factor of the cross term between FDI and ISO was
positive, going through the test of significance at the level of 5%.
Therefore, the benign interaction between FDI and ISO positively
affects GFFP. As China raises the environmental threshold for the
FDI, it is increasingly difficult for high pollution and high energy
foreign-funded industries to enter the Chinesemarket. Instead, many
high-tech, low pollution foreign industries flood in China, which
promote the ISO of the CEA. As stated by Blomström et al. (1994),
the positive technology spillover of the FDI increases with the
economic level in the host country; the more advanced the
economy, the stronger the positive technology spillover, and the
better the ISO in the host country. Taking Canada and Australia as
example, Caves (1974) investigated the technology spillover effect of
FDI on manufacturing, and discovered that the FDI promotes the
industrial structure adjustment in these countries.

The influence of the other control parameters on GFFP was
analyzed as follows:

Economic growth (EG) had a positive effect on GFFP at the
level of 1%. This means the CEA has already arrived at a high level
of economic development. The focus of economic growth
gradually shifts from quantity to quality. Under the premise of

ensuring fast growth, more attention is paid to environmental
quality. This shift obviously promotes GFFP.

There was a significant negative correlation between
urbanization level (UL) and GFFP. This correlation is closely
associated with the urbanization pattern in the region, which
features high pollution, high consumption, and high investment.
To solve the problem, it is necessary to blaze a new trail towards
urbanization: minimizing the damages from urbanization to the
natural environment by building environmentally friendly,
resource-saving cities.

Energy structure (ES) exerted a negative impact on GFFP,
which failed the test of significance. It is generally agreed in the
academia that: the coal-dominated energy structure suppresses
the environmental productivity of each sector (Shen et al., 2019).
China attaches importance to the eco-environmental
construction in the CEA. The region has been switching to
clean energies, and gradually reducing the proportion of coal
in the energy structure. In 2005, coal accounted for 77.04% of the
total energy consumed in the CEA. In 2019, the proportion
dropped to 65.58%, falling by 11.46% over 15 years.

Environmental regulation (ER) significantly promoted GFFP.
In recent years, the CEA forcefully implemented energy saving
and emission reduction, and ramped up the intensity of
environment regulation, especially the investment in industrial
pollution control. These efforts curb pollutant discharge by firms,
mitigate the environmental damages of pollutants, and greatly
improve the environmental quality in the CEA.

CONCLUSION

Improving GFFP is the fundamental path for China to realize
sustainable development goals (Wang et al., 2021). Taking the

TABLE 6 | Estimation results of spatial measurement models.

Parameter Panel SAR Panel SEM

Non-fixed
Effects Model

Spatial
Fixed Effects

Model

Time
Fixed Effects

Model

Two-Way
Fixed Effects

Model

Non-fixed
Effects Model

Spatial
Fixed Effects

Model

Time
Fixed Effects

Model

Two-Way
Fixed Effects

Model

FDI −6.1074***
(−3.5819)

−2.1485*
(−1.8906)

−6.4753***
(−4.7228)

−2.4050***
(−2.5608)

−7.5863***
(−5.3953)

−2.0038*
(−1.7558)

−5.9189***
(−4.1923)

−1.1381
(−1.1854)

ISO −0.1946***
(−3.1373)

−0.0680
(−1.4879)

−0.0935*
(−1.7795)

0.0764*
(1.7333)

−0.0872
(−1.5520)

−0.0793*
(−1.7543)

−0.1001*
(−1.8721)

0.1235***
(2.6503)

FDI*ISO 8.5466*** (4.9106) 2.0954*
(1.8155)

7.5410***
(5.3143)

2.3245**
(2.4504)

8.1030*** (5.6929) 1.7429 (1.4953) 7.2053***
(4.9097)

1.0371 (1.0231)

EG 0.0867*** (6.1259) 0.1090***
(3.8502)

0.1982***
(5.9525)

0.1758***
(4.1434)

0.1433***
(14.9562)

0.1127***
(3.9947)

0.2269***
(6.4732)

0.1648***
(3.9075)

UL −0.5439***
(−3.5952)

−1.9773***
(−7.8123)

−0.7203***
(−4.9782)

−0.8320***
(−3.5337)

−0.6856***
(−6.4600)

−2.1708***
(−8.7029)

−0.6550***
(−4.2350)

−0.8279***
(−3.5165)

ES −0.4040***
(−4.5481)

0.0831 (0.6101) −0.4449***
(−5.8650)

−0.1119
(−1.0917)

−0.3874***
(−6.4750)

0.1045 (0.7767) −0.4031***
(−5.1376)

−0.1270
(−1.2694)

ER 17.2736***
(4.3786)

−1.3905
(−0.5113)

4.2523 (1.2541) 5.4308**
(2.4080)

2.4717 (0.7199) −2.2121
(−0.8073)

6.9166*
(1.9894)

4.8342**
(2.1455)

Wpdep.var. 0.7070*** 0.1550* 0.2270*** −0.4310*** — — —

spat.aut. — — — — 0.8540*** −0.0320 −0.1340 −0.5250***
R2 0.7079 0.9204 0.8587 0.9576 −0.2370 0.9183 0.8476 0.9490
Log − L 162.6941 287.1289 239.0308 335.2100 189.9246 285.6829 234.9200 335.3929

Note: T statistics are reported within the brackets; *, **, and *** are significance levels of 10, 5, and 1%, separately.
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whole country as the study area, Wang et al. (2021) discovered
that GFFP declined from eastern China, central China, to western
China. Our research draws similar conclusions, with the CEA as
the study area. Targeting the countries along the Belt and Road,
Wu et al. (2020) verified that China’s outward direct investment
(ODI) significantly affects GFFP, and that China’s ODI is
constrained by the institutional quality of the host country.
Similarly, this paper confirms the important effect of CEA FDI
on GFFP. In addition, the authors tested whether the interaction
between FDI and ISO greatly affects GFFP. Since spatial
econometric model is widely used in various research domains
(Sun et al., 2014), it is necessary to explore GFFP through spatial
econometrics, making the research more practical and scientific.

Targeting the panel data of 11 CEA regions in 2005–2019, this
work establishes a GFFP EIS containing bad outcomes, measures
the GTEPs in the CEA with the Super-EBM, computes the Global
Moran’s I values of the CEA GFFPs. In addition, SAR and SEM
were employed to analyze the influence of FDI, ISO, and their
cross term over GFFP. The main conclusions are as follows:

1) During the sample period, the GFFPs in the CEA exhibited
large regional differences. Shanghai’s GFFP fell on the efficient
frontier. This state was not achieved by any other region in the
CEA, leaving a room for improvement. Zhejiang realized a
quite satisfactory result, with a certain potential for
improvement. Jiangsu, Anhui, Jiangxi, Hubei, Hunan, and
Sichuan performed generally in terms of GFFP, leaving a large
room for improvement. Chongqing, Guizhou, and Yunnan
performed poorly in GFFP. In general, most regions in the
lower basin of the CEA had high GFFPs, while those in the
middle and upper basin had low GFFPs.

2) During the sample period, the GFFP trends were similar in the
upper, middle, and lower basin of the CEA. From 2005 to
2010, the mean GFFPs of the CEA and the three regions
remained stable. From 2011 to 2019, the mean GFFPs of the
CEA and the three regions declined slowly. The three regions
differed significantly in GFFP, and could be ranked in
descending order of GFFP as lower basin > middle basin >
upper basin.

3) During the sample period, the Global Moran’s I values of CEA
GFFPs were always positive, and went through the test of
significance in most years. Further, the CEA GFFPs were
clustered prominently in space, rather than stochastically
distributed.

4) According to the results of spatial measurement models, the
CEA GFFPs were significantly suppressed by FDI, and

promoted by ISO; the good interaction between FDI and
ISO positively affected GFFP. Among the control parameters,
economic growth and environment regulation clearly
promote GFFP, urbanization level strongly inhibits GFFP,
and energy structure does not significantly affect GFFP.

There are several limitations of this research. Firstly, only two
pollutants, namely, SO2 and COD, were selected as bad outcomes,
for the completeness of data sources of the variables. This clearly
limits the comprehensiveness of our analysis. Secondly, the
sample data were all published before 2019 to ensure data
availability. The short cycle hinders the long-span analysis and
the selection of influencing factors. In future, the research will be
deepened by including more environmental pollutants as bad
outcomes, and expanding the data channels (e.g., finding data on
relevant websites in addition to statistical yearbooks), thus
extending the time span of samples.
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